University of Kentucky

UKnowledge
Theses and Dissertations--Plant and Soil
Sciences

Plant and Soil Sciences

2018

Measured Soil Hydraulic Properties as RZWQM2 Input to Simulate
Soil Water Dynamics and Crop Evapotranspiration
Saadi Sattar Shahadha
University of Kentucky, saadisattar5@gmail.com
Author ORCID Identifier:

https://orcid.org/0000-0001-9866-7388

Digital Object Identifier: https://doi.org/10.13023/etd.2018.428

Right click to open a feedback form in a new tab to let us know how this document benefits you.

Recommended Citation
Shahadha, Saadi Sattar, "Measured Soil Hydraulic Properties as RZWQM2 Input to Simulate Soil Water
Dynamics and Crop Evapotranspiration" (2018). Theses and Dissertations--Plant and Soil Sciences. 110.
https://uknowledge.uky.edu/pss_etds/110

This Doctoral Dissertation is brought to you for free and open access by the Plant and Soil Sciences at
UKnowledge. It has been accepted for inclusion in Theses and Dissertations--Plant and Soil Sciences by an
authorized administrator of UKnowledge. For more information, please contact UKnowledge@lsv.uky.edu.

STUDENT AGREEMENT:
I represent that my thesis or dissertation and abstract are my original work. Proper attribution
has been given to all outside sources. I understand that I am solely responsible for obtaining
any needed copyright permissions. I have obtained needed written permission statement(s)
from the owner(s) of each third-party copyrighted matter to be included in my work, allowing
electronic distribution (if such use is not permitted by the fair use doctrine) which will be
submitted to UKnowledge as Additional File.
I hereby grant to The University of Kentucky and its agents the irrevocable, non-exclusive, and
royalty-free license to archive and make accessible my work in whole or in part in all forms of
media, now or hereafter known. I agree that the document mentioned above may be made
available immediately for worldwide access unless an embargo applies.
I retain all other ownership rights to the copyright of my work. I also retain the right to use in
future works (such as articles or books) all or part of my work. I understand that I am free to
register the copyright to my work.
REVIEW, APPROVAL AND ACCEPTANCE
The document mentioned above has been reviewed and accepted by the student’s advisor, on
behalf of the advisory committee, and by the Director of Graduate Studies (DGS), on behalf of
the program; we verify that this is the final, approved version of the student’s thesis including all
changes required by the advisory committee. The undersigned agree to abide by the statements
above.
Saadi Sattar Shahadha, Student
Dr. Ole Wendroth, Major Professor
Dr. Mark Coyne, Director of Graduate Studies

Measured Soil Hydraulic Properties as RZWQM2 Input to Simulate Soil Water
Dynamics and Crop Evapotranspiration

________________________________________
DISSERTATION
________________________________________
A dissertation submitted in partial fulfillment of the
Requirements for the degree of Doctor of Philosophy in the
College of Agriculture, Food and Environment
at the University of Kentucky

By
Saadi Sattar Shahadha
Lexington, Kentucky

Director: Dr. Ole Wendroth, Professor of Soil Physics
Lexington, Kentucky
2018
Copyright © Saadi Sattar Shahadha 2018

ABSTRACT OF DISSERTATION

Measured Soil Hydraulic Properties as RZWQM2 Input to Simulate Soil Water
Dynamics and Crop Evapotranspiration

Agricultural system models integrate many different processes that cannot all be
measured in field experiments and help quantify soil water dynamics, crop
evapotranspiration, and crop growth with high temporal resolution. Understanding soil
water dynamics and crop evapotranspiration is essential to improve agricultural
management of field crops. For example, the interaction between nitrogen application rate
and water dynamics is not sufficiently understood. In most cases, model simulations
deviate from field measurements, especially when model input parameters are indirectly
and unspecifically derived. The extent to which measured soil hydraulic property inputs
decrease the discrepancy between measured and simulated soil water status is not well
understood. Consequently, this study: (i) investigated thr use of measured soil hydraulic
properties as Root Zone Water Quality Model (RZWQM2) inputs compared to indirectly
derived inputs; (ii) explored the capability of calibrating measured soil hydraulic property
input parameters for one crop and using them for other crops without further calibration;
(iii) studied the effect of the nitrogen application rate on the behavior of soil water
dynamics and crop evapotranspiration using RZWQM2 under different rainfall amounts.
To evaluate the model in different field management conditions, a field experiment with
soybean, corn, wheat, and fallow soil was conducted from 2015 – 2017 to collect field data
to calibrate and validate the RZWQM2 model. The model presented a satisfactory response
to using measured soil hydraulic property inputs and a satisfactory capability to quantify

the effect of nitrogen rates on daily crop evapotranspiration, soil water dynamics, and crop
growth. With sufficient measurements of soil hydraulic parameters, it was possible to build
a RZWQM2 model that produced reasonable results even without calibration.
KEYWORDS: Measured Soil Hydraulic Properties, Model Calibration, RZWQM2, Soil
Water Dynamics, Evapotranspiration Behavior, Nitrogen Application Rate.
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Chapter 1 General Introduction
1.1 Agricultural Management and Modeling
Agriculture needs to provide food for the world’s population, which will be almost
10 billion by 2050 (Food and Agriculture Organization of the United Nations (FAO),
2017). However, this support needs to be increased as the world population and its demands
for food, water, and energy have increased (Jones et al., 2017a). Increasing the agricultural
production with the same limited arable land requires an integrated agriculture
management plan to incorporate the impacts of soil, water, weather, land use practices, and
crops (Portmann et al., 2010). Many agricultural management practices have been applied
around the world with regard to soil, irrigation system, fertilization, crop, and management
practice for improving the crop production (Dolan et al., 2006; Halvorson et al., 2008; Lin,
2011; Rusan et al., 2007; Snyder et al., 2009). However, most of the above-mentioned
practices are not able to incorporate the impacts of all management components in one
study. Therefore, improving agricultural management by integrating all management
components with one another and with their environment to determine overall system
behavior becomes a necessity to increase crop production (Jones et al., 2017b; Wallach et
al., 2013).
Agricultural system models can be useful and valuable tools for developing a
sustainable agriculture production across the diverse agro-ecological systems by
integrating most of the agricultural management components. Agricultural system models
are used as decision support tools for field management such as cultivar selection, planting
date, fertilization rate and timing, and irrigation scheduling. Models can also be used to
explore a wide range of soil-crop-management interactions, interpret experimental results,
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and estimate management expenses (Whisler et al., 1986; Teng and Penning de Vries,
1992; Boote et al., 1996; Steduto et al., 2009). Indeed, agricultural system models may be
the only way to integrate many processes' interactions with a high temporal resolution that
is needed by the farmer to make suitable management decisions.

1.2 Agriculture System Models
Agricultural system models were developed in the late 1950s by focusing only on
a few environmental and crop factors with simple simulation abilities (Brouwer and De
Wit, 1968; Jones et al., 2017b). Subsequently, these models developed very fast either
being focused on one management component, such as crop growth, or multiple
components. The model that focuses on more than one management component could be
used as a helpful tool to assist in making management decisions (Jones et al., 2003; Steduto
et al., 2009). Those models were developed to serve as analytical tools to study the impacts
of weather, environment, soils, and management practices on crop production to enhance
the food sustainability (Stöckle et al., 2003). Also, agricultural system models are
increasingly being used for national and global studies due to their capability to support
present and future agricultural management systems (Fraisse et al., 2015; Nelson et al.,
2002).

1.3 Challenges of Modeling
Agricultural system models have many advantages that promote their development
and improvement; the most important advantages are field-management-decision support
and the scientific understanding of interactions among many processes in agro-ecological
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systems (McCrown et al., 1996). Most models are sufficiently sensitive to the effect of
environmentally extreme inputs and their interactions for predicting soil productivity and
yield risks (van Ittersum et al., 2003). Despite the benefits of using models, there are some
challenges affecting the models’ performance and simulations’ accuracy. The most
common challenges are operating these models with lack of representative soil and crop
observations for all system components, generated weather data, or unobserved
management changes in the field (Angulo et al., 2013; Boote et al., 1996; van der Velde et
al., 2009; Wassenaar et al., 1999). Limited data for model calibration and validation for a
variety of field conditions hinders establishing confidence in the model simulations
(Angulo et al., 2013; Rosenzweig et al., 2013).
The importance of model calibration has been mentioned in several articles, and
some have mentioned the indispensability of model calibration to account for the soil
diversity and weather conditions (Challinor et al., 2009; Jagtap and Jones, 2002). However,
sometimes a high calibration accuracy for all of the model components is impossible due
to a shortage of field measured data, variability in field measurements, and inadequacy of
the calibration methods (Ma et al., 2012c). Therond et al. (2011) and Angulo et al. (2013)
claimed that calibration of model input parameters is not adequate to reproduce field
observations because model input parameters can only be derived from representative
measurements in the field experiment.

1.4 RZWQM2 Overview
RZWQM2 is a one-dimensional-agricultural system model which integrates
physical, biological, and chemical processes. It can assist in simulating the impacts and
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complex interactions in the soil-plant-atmosphere management system on plant
development, water dynamics, chemical transport, and nutrient balance on a daily time step
(Ahuja et al., 2000; Landa et al., 1999; Ma et al., 2007a). It includes six modules of water
and heat dynamics, generic crop growth, nitrogen balance, soil equilibrium chemistry,
pesticides, and management practices (Ahuja et al., 2000; Cameira et al., 1998; Hanson et
al., 1998; Hu et al., 2006, Ma et al., 2012a). RZWQM2 allows for the consideration of
extensive input such as weather data (air temperature, solar radiation, relative humidity,
wind speed, and rainfall), soil information (hydraulic, physical, chemical, and thermal
properties), crop growth data (crop variety, crop planting and harvesting date), and
management practices (irrigation, fertilizer application, pesticide application, plant
management, and tillage method) (Ma et al., 2011). The maximum simulated soil profile
depth is 30 m. This depth can be divided into a maximum of ten horizontal compartments,
with one growing crop at any given time (Ma et al., 2012b). RZWQM2 implements parts
of the Decision Support System for Agrotechnology Transfer (DSSAT) for simulating crop
growth and yield. It includes up to 22 field crops in the plant growth modules as well (Ma
et al., 2011).
RZWQM2 uses the extended Shuttleworth and Wallace (1985) model for
estimating evapotranspiration. This model has the capability to partition the
evapotranspiration between soil evaporation and crop transpiration (Farahani and Bausch,
1994). Soil water dynamics are processed in RZWQM2 using several equations. The
Richards equation is applied for water redistribution in the profile between rainfall or
irrigation events and for the upper and lower boundary flux. Infiltration during rainfall or
irrigation events is described with the Green-Ampt equation (Ahuja et al., 2000).
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RZWQM2 is one of the most widely used agricultural system models for improving the
field management and scientific understanding of the soil water dynamics and crop
evapotranspiration. Also, it has been used for improving the scientific understanding of the
interaction between nitrogen fertilization rates and water status in the field.
Many field studies concerning crop growth and soil water/nutrient dynamics have
been conducted in combination with the RZWQM2 model for many locations and climatic
conditions around the world. The model has been used to study the behavior of soil water
and nitrogen dynamics, evapotranspiration, crop growth, and production (Anapalli et al.,
2016a; Cameira et al., 2007; Kozak et al., 2006; Saseendran et al., 2014a; Saseendran et
al., 2015). Its performance and accuracy has been tested for predicting the effect of nitrogen
fertilization rates, climate change, and specific environmental conditions on crop growth,
evapotranspiration, and soil water/nitrogen dynamics (Hu et al., 2006; Islam et al., 2012;
Ma et al., 2008; Ma et al., 2017; Malone et al., 2007; Nolan et al., 2010; Saseendran et al.,
2004). RZWQM2 has also been compared with other models such as RZWQM SHAW and
DSSAT-CROPGRO hybrid models with regard to its capability to reflect field
observations (Ma et al., 2012a; Ma et al., 2005; Nielsen et al., 2002).

1.5 Research Rationales
In some cases, models do not respond as expected to environmental or management
factors, and the simulated results deviate from measured results. This deviation may occur
due to model input parameters that do not represent soil, weather, and management
conditions realistically. One of the major factors that affect the quality of model
simulations is the parameterization of hydraulic parameters.
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In many cases, modelers use soil parameters that were derived from soil textural
properties due to the lack of actual soil hydraulic property measurements. However, in
most cases, pedo-transfer-functions cannot produce realistic estimations of soil hydraulic
parameters because the effect of soil organic-matter, soil structure, and soil minerals are
not included for estimating the hydraulic parameters (Hodnett and Tomasella, 2002;
Othmer et al., 1991; Wang et al., 2012). Another difficulty is that model inputs do not
always account for the spatial variability of soil hydraulic properties in the field (Angulo
et al., 2013; van der Velde et al., 2009; Wassenaar et al., 1999). Additionally, measured
Soil Hydraulic Property Input Parameters (SHPIP) of the model are calibrated for each
crop even at the same field location. However, if no significant change in soil bulk density
or hydraulic conductivity has accurred, SHPIP do not need to be re-calibrated for each
crop.
It is widely recognized that derived model input parameters based on soil physical
properties (e.g., soil texture) often are not able to adequately represent the true soil
hydraulic properties in the field. To improve model simulations, we examine the
overarching research questions of (i) whether calibrated SHPIP derived from soil physical
properties adequately reflect true field hydraulic properties or if during calibration the
values are unrealistically altered to obtain a better match between model-simulations and
field-observations. (ii) If derived SHPIP are replaced by measured SHPIP, do we still need
to re-calibrate the SHPIP for each crop even in the same field?
Understanding how nitrogen fertilization impacts crop growth and production is a
critical component for management-decision (Cerrato and Blackmer, 1990; Rathke et al.,
2005). Nitrogen impact on soil water dynamics and crop evapotranspiration is also essential
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for scheduling irrigation. The impact of nitrogen application rate on crop growth, yield,
and nitrogen use efficiency has been reported in many studies (McCullough et al., 1994;
Novoa and Loomis, 1981; Ortiz-Monasterio et al., 1997). Also, its effect on NO3 leaching
and the environment has been well studied (Marjerison et al., 2016; Zhou et al., 2014).
However, not much is known about the behavior of crop evapotranspiration and soil water
dynamics under different nitrogen application rates. One question that remains is whether
increasing applied nitrogen rates will affect the behavior of crop evapotranspiration and
soil water dynamics and how this will be affected by cover crops?

1.6 Dissertation Outlines
In this dissertation, a field experiment was conducted with four different field
management conditions of soybean, corn, wheat, and fallow soil at the University of
Kentucky’s Spindletop Research Farm to investigate the impact of using measured soil
hydraulic properties as RZWQM2 input parameters instead of using derived soil hydraulic
properties. The field experiment was also conducted in order to explore the impact of
nitrogen application rate on the behavior of soil water dynamics and crop
evapotranspiration. Chapter two includes two sections. The first Section explores the effect
of using SHPIP measured and indirectly derived from soil texture as RZWQM2 inputs by
operating the RZWQM2 under different model input scenarios. Section two explores the
capability to use measured SHPIP under different field management conditions without recalibration for each crop. Chapter three is an attempt to study the impact of nitrogen
fertilization rate on the behavior of crop evapotranspiration, soil water dynamics at every
10 cm from the soil surface to 100 cm depth, and soil water flux at a depth of 90 cm under
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different rainfall amounts using RZWQM2. Finally, chapter four summarizes the
rationales, aims, and findings of this research, as well as suggests future work.
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Chapter 2 How Helpful are Measured Soil Hydraulic Properties for Simulating
Water Balance and Crop Production?

2.1 Abstract:
Agricultural system models can help quantify soil water dynamics, crop
evapotranspiration (ETc), and crop growth with a high temporal resolution to enhance soil
and crop management. However, model performance must be critically evaluated against
field experimental data in different field management conditions. In many cases, model
simulations deviate from field measurements, which might be due to the quality of model
input parameters. Replacing soil hydraulic properties indirectly derived from soil textural
data by measured soil hydraulic property inputs may decrease the discrepancy between
measured and simulated soil water status. What is the benefit of using measured soil
hydraulic properties in a model instead of pedo-transfer-function based approaches to
estimate the hydraulic properties indirectly? This study: (i) investigated the effect of using
measured soil hydraulic properties as Root Zone Water Quality Model (RZWQM2) inputs;
(ii) explored the capability of using measured soil hydraulic property input parameters
(SHPIP) under different field management conditions without re-calibrating for each crop.
A field experiment with soybean, corn, wheat, and fallow soil was conducted from 2015 2017. The model was evaluated in two sections of model calibration processes. In the first
Section, five model scenarios using measured SHPIP and SHPIP derived from soil texture
as model inputs were created. In the second section, four model scenarios of calibrating
measured SHPIP for soybean, corn, wheat, and fallow soil were created. The results
indicate that, extending the water holding capacity improved the model simulations of soil
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moisture. Moreover, in the first section, uncalibrated measured SHPIP yielded better
simulation results than other SHPIP scenarios with regard to soil water flux, crop
evapotranspiration, and soybean yield. Hence, with representative measurements of
SHPIP, it was possible to build a RZWQM2 model that produced reasonable results even
without calibration. In the second section, all model scenarios presented satisfactory results
with regard to soil water dynamics, evapotranspiration, crop growth, and mineral nitrogen,
which indicates that models developed with real data, even for different crops, can be used
to predict a different crop growth season.

2.2 Introduction:
Estimating soil water dynamics and crop growth at a high temporal resolution is
necessary for many practical purposes, such as quantifying water use efficiency and
scheduling irrigation events. Agricultural system models are critical tools due to their
capability to integrate many complex processes (Berger 2001; He et al., 2017; Kersebaum
et al., 2015). Moreover, because of their capability for simulating a wide range of soilcrop-atmosphere interactions at a high temporal resolution, models are helpful tools for
developing soil-water-crop management systems (Jones et al., 2017a; McNider et al., 2015;
Okada et al., 2015). The most important purpose of using these models is to improve the
efficiency of field experiments and to increase the crop production by simulating the
impacts of weather and field management on crop growth and water dynamics. However,
model performance needs to be thoroughly evaluated under different field and management
conditions, which includes careful calibration and validation of the model components with
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field observations to assess the robustness of the model (Angulo et al., 2013; Wallach et
al., 2011; White et al., 2013).
Root Zone Water Quality Model (RZWQM2) is one of the most widely used
agricultural system models to simulate soil moisture, crop evapotranspiration (ETc), and
crop growth (Ahuja et al., 2000; Anapalli et al., 2016a). It is a helpful tool for estimating
soil water dynamics and crop development at a temporal resolution that is impossible to
capture with manual field measurements and for improving soil and crop management
(Cameira et al., 2007; Landa et al., 1999). However, RZWQM2 should not be used as a
management tool without rigorously evaluating its parameters with measurements taken in
appropriately designed field experiments under different crops, climatic conditions, and
management practices (Anapalli et al., 2016b; Du et al., 2017; Hu et al., 2006; Islam et al.,
2012; Ma et al., 2007a). Model calibration and validation based on one of the following
methods have been reported in many studies. The first method uses data from one
experimental treatment for calibration, e.g., data from an adequate irrigation treatment.
Data from another experimental treatment, such as deficit irrigation are used for validating
the model for the same crop (Hu et al., 2006; Ma et al., 2007b). The second method uses
the data of one or more periods for calibrating the model, and data of another time period
for validating the model (Anapalli et al., 2016a; Ma et al., 2012a).
Many field studies on crop growth and soil water/nutrient dynamics have been
conducted in combination with the RZWQM2 model. Anapalli et al. (2016a) evaluated the
RZWQM2 with regard to plant and soil parameters for three years of weighing lysimeters
data; the model showed reasonable performance in simulating actual daily
evapotranspiration, soil water content, and corn (zea mays L.) growth. It has also been
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calibrated and evaluated regarding water stress factors under several irrigation levels to
enhance the crop responses to soil water deficit stress (Saseendran et al., 2014a and 2015).
Soil hydraulic property input parameters (SHPIP) are a critical part of the model
for obtaining realistic simulation results (Fang et al., 2010). SHPIP have the most impacts
on simulated soil water dynamics and, subsequently, on nutrient balances and crop
development (Cameira et al., 2005; Ma et al., 2009; Saseendran et al., 2004). In many
studies, the SHPIP of RZWQM2 were derived indirectly from soil textural data using pedotransfer-functions, and then calibrated to obtain a better match between measured and
simulated soil water status data. Although derived SHPIP are useful, pedo-transferfunctions do not always give realistic estimations, notably for structured soils (Kaur et al.,
2002; McBratney et al., 2011; Wang et al., 2012). Therefore, the accuracy of using derived
hydraulic properties as model input parameters is not preferable for the simulation of soil
water dynamics, evapotranspiration, and crop growth (Gijsman et al., 2002; Hupet et al.,
2004; Kribaa et al., 2001).
The model’s sensitivity has been tested with regard to measured and derived soil
hydraulic input parameters. Ma et al. (2007b) evaluated RZWQM’s sensitivity by keeping
all measured soil hydraulic input parameters constant only the lateral saturated soil
hydraulic conductivity was adjusted; the model produced reasonable simulations of tile
flow, soil water storage, and water table (R2 > 0.70), but crop yield was simulated with less
satisfaction (R2 < 0.55). RZWQM2 also performed satisfactorily in simulating the effects
of different irrigation treatments on crop evapotranspiration, crop growth, and yield, after
calibrating the measured soil hydraulic input properties (Fang et al., 2014a). Nolan et al.
(2010) simulated the nitrogen dynamics for deep soil profiles unsuccessfully because
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RZWQM2’s minimum input option for soil hydraulic parameters was applied, which
implies user’s inputs of soil textural composition and Brooks and Corey parameters
computed from pedo-transfer-function (Ma et al., 2012b). Additionally, a few studies have
been conducted using measured data as model inputs, although there was uncertainty with
those data. Ma et al. (2012c) used laboratory-measured Soil Water Retention Curve
(SWRC) and field-estimated SWRC as model inputs to simulate maize growing season
under several irrigation levels; model simulations showed that field-estimated SWRC
inputs provided better model responses to irrigation treatments than laboratory-measured
SWRC. Gribb et al. (2009) and Starks et al. (2003) found that using estimated SWRC from
soil texture as model inputs showed better simulations of soil water dynamics compared to
laboratory-measured SWRC. Therefore, the model must be provided with the most
accurate soil hydraulic parameters to correctly simulate the effect of crop management
practices on water dynamics and crop growth (Ma et al., 2009). However, using measured
soil hydraulic parameters as model inputs to simulate varied field conditions without
calibration has not been adequately studied. For that reason, the objectives of this study
were to (i) explore the effects of using measured SHPIP as model inputs without calibration
on model simulation outputs of water status and crop growth; (ii) test the capability of
using measured SHPIP under different field management conditions without re-calibrating
for each crop. It is known that soil hydraulic properties can change during the growing
season due to the impact of soil water and structural setting after tillage (Basche and
DeLonge, 2017; Schwen et al., 201). However, in this study, these possible temporal
changes were not expermintaly quantified and RZWQM2 is not capable of temporal
variable hydraulic function parameters. Instead, the objective of this study to find out
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whether one-time measured soil hydraulic properties improved simulation results
compared to minimum input inform of soil textural composition while soil hydraulic
properties are computed through soil hydraulic function, which of course implies timeinvariable hydraulic properties.

2.3 Materials and Methods:
2.3.1 Study area and experimental design
The experiment was conducted at the University of Kentucky’s Spindletop
Research Farm, in Lexington, Kentucky. The climate is humid subtropical with an average
annual precipitation of 114 cm, and a mean annual temperature of 13°C. The soil is a Maury
silt loam, classified as a mixed, semiactive, mesic Typic Paleudalf (Yang et al., 2013). A
soil profile was opened for collecting disturbed and undisturbed soil samples (Fig 2.1). The
samples were taken at five soil depths of 0-10, 20-30, 40-50, 60-70, and 80-90 cm. Three
replicates were collected for each of the soil water retention curve, unsaturated hydraulic
conductivity, soil texture, and bulk density at each depth. The undisturbed samples were
used to determine unsaturated hydraulic conductivity, bulk density, and soil water retention
curve. The soil textural analysis was based on the disturbed sample material. Unsaturated
hydraulic conductivity was measured with the double plate pressure-membrane apparatus
method for pressures of -1, -5, and -10 cm (Wendroth and Simunek, 1999) and with the
evaporation method for pressure heads from -10 to -650 cm (Wendroth et al., 2008;
Wendroth et al., 1993; Wind, 1968). Soil texture was determined after destructing the soil
organic matter content by using H2O2, with the sieving and pipette method (Gee and
Bauder, 1986). Soil water retention curve was measured with the hanging water column
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method for pressures of -3, -10, -20, and -50 cm (Berliner et al., 1980), pressure plate
apparatus for pressures of -100, -330, -500, -1000, -3000, -5000, -15000 cm (Klute, 1986),
and dew point meters (Gee et al., 1992) for the very low range of soil water potential. Soil
dry bulk density was determined with the core sampling method (Blake, 1965). The
arithmetic mean of three replicates was used for each measured property at each layer.
Saturated hydraulic conductivity was measured in the field with the borehole permeameter
approach (Soil Measurement Systems) (Reynolds and Elrick, 1986), at five depths (10, 30,
50, 70, and 90 cm) with two replicates per depth (Fig 2.1). For determining the chemical
status of the soil, the soil organic matter, total nitrogen, soil organic carbon, C/N ratio, pH,
base saturation, NO3-N, NH4-N, and cation exchange capacity were measured at depths 015, 15-30, 30-60, and 60-90 cm.

Figure 2.1. Experimental field.

The field conditions during the study period were as follows: soybeans (Asgrow
AG3932) were planted on May 20, 2015 with the row spacing of 76 cm and population of
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444,600 seeds per hectare, and were harvested on October 23, 2015. The period of the
fallow soil lasted from October 24, 2015 to May 1, 2016. Corn (AgriGold A6499) was
planted on May 16, 2016 with row spacing of 76 cm and population of 69,160 seeds per
hectare, and was harvested on September 27, 2016. Winter wheat (PEMBROKE 2016) was
planted on November 2, 2016 with row spacing of 19 cm and population of 3,765,762 seeds
per hectare, and was harvested on June 27, 2017.
Soil water content (SWC) was measured about once per week during the crop
growing seasons, and about once a month during the fallow soil period, at 10 cm depth
increments from the soil surface down to 100 cm depth at 30 positions (Fig 2.1), using a
capacitance probe (Diviner 2000, Sentek Pty Ltd). The soil water flux (SWF) across the 90
cm plane, i.e., the vertical center of the 80-90 and 90-100 cm depth compartment was
quantified based on Darcy’s law for the days of measured soil water content. The actual
evapotranspiration (ETc) was quantified for the soybean, corn, and wheat using the soil
water balance method (SWB) (Djaman and Irmak, 2013; Frimpong et al., 2012; Irmak et
al., 2008; Zeleke and Wade, 2012; Zhang et al., 2008; Wieser et al., 2008). Daily solar
radiation, maximum and minimum air temperature, rainfall, wind speed, and relative
humidity were recorded at the research field with an ET107 weather station (Campbell
Scientific, Inc.). Figure 2.2 shows the daily precipitation and air temperature during the
study period.
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Figure 2.2 Daily precipitation and air temperature during the study period.

Leaf area index (LAI) was measured twice during the soybean growing season and
twice during the corn growing season using a LI-COR, LAI-2000 Plant Canopy Analyzer.
Four readings of LAI were taken at each LAI measurement. Each reading consisted of two
readings above the canopy and three below the canopy near the ground surface. Corn
aboveground biomass was measured once in the mid-season. The total yield was
determined at harvest for both crops.
During the wheat growing season, the N fertilizer of 130 kg N ha-1 was applied as
Urea Ammonium Nitrate to the wheat crop across two applications. The first application
occurred on March 13, 2017, and the second application on March 29, 2017. During the
development and mature stages of the wheat growing season (early March until
harvesting), leaf area index (LAI) was measured about once a week with a LI-COR, LAI2000 Plant Canopy Analyzer. Crop aboveground biomass and plant nitrogen uptake were
measured four times during development and mature stages (Tillers formed, First node of
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stem visible, In boot, and Ripening stage). The yield and grain nitrogen uptake were
measured at harvest. Soil mineral nitrogen was measured four times during the
development and mature stages (Tillers formed, First node of stem visible, In boot, and
Ripening stage) at four depths (0-15, 15-30, 30-60, and 60-90 cm). All soil samples were
stored in plastic bags and cooler in the field to limit the losses of both moisture and N
during transport. Soil samples were stored at freezing temperature in the lab until they were
analyzed for NO3 and NH4. Nitrate was extracted from the soil particles with a 2 N
potassium chloride solution and determined with a specific ion electrode using Crutchfield
and Grove (2011) method. Ammonium was extracted from the soil particles using Chaney
and Marbach (1962) method.

2.3.2 RZWQM2 calibration and sensitivity
An experiment with soybean, corn, wheat, and fallow soil was used to build model
scenarios with regard to soil hydraulic property model input parameters as explained in
section 2.3.1. The model was calibrated for each scenario separately following the
calibration procedure that was explained by the model developers in several publications
(Cameira et al., 2007; Cameira et al., 2005; Hanson et al., 1999; Kumar et al., 1999; Ma et
al., 2011; Ma et al., 2003; Saseendran et al., 2004; Shaffer et al., 2001).
In general, the soil profile depth and horizons, drainage information, albedo,
planting and harvesting dates and method, planting density and depth, row spacing, and
fertilizer application method were specified for all model scenarios. Daily weather data
(solar radiation, maximum and minimum temperature, wind speed, relative humidity, and
rainfall) were used as model input data for the study period. The soil profile was subdivided

18

into ten layers. The depths of the layers were 0-10, 10-20, 20-30, 30-40, 40-50, 50-60, 6070, 70-80, 80-90, 90-150 cm.
The model scenarios were subdivided into two sections based on the objectives of
this chapter. Also, the results and discussions will be presented separately for each section.

2.3.2.1 Section 1: Comparing the Effect of Measured and Derived Soil Hydraulic
Input Parameters on Model Output
In this section, five model scenarios were built, with regard to measured and derived
soil hydraulic property input parameters, to study the effect of using measured or indirectly
estimated soil hydraulic properties as model input on simulation outputs. Table 2.1 shows
the soil hydraulic input parameters for each model scenario. Those scenarios were as
follows (Appendix 1).
In the first scenario (UCM), the arithmetic means of measured soil texture, bulk
density, saturated hydraulic conductivity (Ks), and water content (𝜃) at 0.10, 0.33, and 15
bar were used as model inputs at each depth without calibration for each of corn, fallow
soil, and soybean period.
In the second and third scenarios, measured SHPIP (bulk density, saturated
hydraulic conductivity, and water content at 0.10. 0.33, and 15 bar) were calibrated for the
corn crop (CCM) and fallow soil (FCM), respectively, and then both scenarios were
validated under the soybean crop. In both scenarios, all aforementioned SHPIP were
calibrated within one standard error of measured values except the 𝜃 inputs at 15 bar were
calibrated within two standard errors of measured values.
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In the fourth and fifth scenarios the estimated SHPIP, derived from soil texture
using pedo-transfer-function, were calibrated for the corn crop (CCP) and fallow soil
(FCP), respectively. And then both scenarios were validated under the soybean crop. In the
fourth and fifth scenarios, only soil texture was used as model input for each depth, and the
other parameters were estimated using the Brooks and Corey (1964) equation based on the
soil texture data.
The crop parameters of the corn and soybean were used as DSSAT default values
without any adjustment, by using the best representative cultivars for our corn and soybean
crops which are PC0004 2700-2750 GDD and 990004 M Group 4, respectively, as shown
in Table 2.2.
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Table 2.1 Uncalibrated and calibrated soil physical and hydraulic properties for soil
profile.

* Black values were fixed; green values were calibrated; and red values were interpolated
based on the above and below-measured values.
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Table 2.2 Crop parameters for soybean and corn.

2.3.2.2 Section 2: Calibrating Measured Soil Hydraulic Property Input Parameters at
Different Field Management Conditions
In this section, the possibility of calibrating the SHPIP for one time and then using
calibrated SHPIP under different field conditions without further calibration was tested.
Four model scenarios of calibrating measured SHPIP were created for growing season of
wheat, soybean, and corn, as well as for fallow soil at the same field location. Table 2.3
shows the soil hydraulic property input parameters for each model scenario. Those
scenarios were as follows (Appendix 1).
In the first scenario, the SHPIP were calibrated under wheat during the 2016-2017
season (WC). In the second scenario, the SHPIP were calibrated for soybean during the
spring season of 2015 and then were used without any further change under wheat during
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the 2016-2017 season (SC). In the third scenario, the SHPIP were calibrated for fallow soil
during the 2015-2016 and were also used without any further change under wheat during
the 2016-2017 season (FC). In the fourth scenario, the SHPIP were calibrated for corn
during the spring season of 2016 and were also used without any further change under
wheat during the 2016-2017 season (CC). The results of those four scenarios were
compared with regard to the soil water dynamics, actual evapotranspiration, crop
development, and soil and plant nitrogen during the wheat growing season. The wheat crop
parameters and all other model options were used for all scenarios without any change
(Table 2.4).
The model was run separately for each scenario, and in all scenarios, the model was
operated three months ahead of planting to equilibrate the initial conditions of the soil water
dynamics based on the precipitation (Saseendran et al., 2014a). While, the soil mineral
nitrogen was initiated using measured soil NO3 and NH4 as model inputs. In each scenario,
the soil hydraulic input parameters were iteratively calibrated layer by layer (starting from
the surface layer) until the best-simulated soil water dynamics were obtained (Ma et al.,
2011; Saseendran et al., 2014a).
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Table 2.3 Field measurements and model inputs of soil physical and hydraulic properties.

* Black values were fixed, while green values were calibrated.
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Table 2.4 Calibrated wheat crop input parameters.

The performance of each model scenario was evaluated by using: (1) Root Mean
Squared Error (RMSE), (2) Mean Bias Error (MBE), (3) Normalized Root Mean Square
Errors (NRMSE), and (4) Percentage Error (%E).
𝑛

1
𝑅𝑀𝑆𝐸 = √ ∑(𝑃𝑖 − 𝑂𝑖)2
𝑛
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𝑂𝑖

(𝑒𝑞 2.4)

where Oi is the measured value, Pi is the simulated value,Oavg is the arithmetic mean of the
measured values, and n is the number of observations. RMSE reflects a magnitude of the
mean difference between observed and simulated results. There is no standard value that
would characterize a satisfactory RMSE because the acceptable range of RMSE varies with
the measured characteristic, method of measurements, crop type, and management practice
(Ma and Selim, 1996). The MBE indicates a systematic positive or negative bias in the
prediction. A positive value means an overestimation, and a negative value indicates
underestimation (Ma et al., 2011). NRMSE indicates the goodness of the model
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performance as suggested by Ahuja and Ma (2002). A perfect match between experimental
and simulation results would yielded an NRMSE = 0. An NRMSE less than 1 may be
interpreted as simulation error of less than one standard deviation around the experimental
mean (Ma et al., 2011). %E is the percentage error between measured and simulated values.

2.4 Results and Discussions:
As mentioned above, the model scenarios were subdivided into two sections based
on the aims of this chapter. The results and discussions will be presented separately for
each section as well.
2.4.1 Section 1: Comparing the Effect of Measured and Derived Soil Hydraulic Input
Parameters on Model Output
The soil hydraulic property module in RZWQM2 is among the modules with a
substantial impact on the model outputs. Due to the direct impact of the SHPIP scenarios
on the simulated soil water dynamics, the measured and simulated SWC was presented at
10 cm depth increments from the soil surface down to the 100 cm depth for evaluating the
model performance under different model inputs of SHPIP. Figure 2.3 shows the measured
and daily simulated SWC during the corn growing season. UCM, CCM, and CCP scenarios
presented the highest RMSE, MBE, and NRMSE values at the surface depths and their
values decreased with increasing soil depth. The SWC was simulated with a RMSE of 0.11,
0.07, and 0.11 cm3/cm3 for the UCM, CCM, and CCP scenario, respectively (Fig. 2.3-a).
The NRMSE values at the same depth were 0.58, 0.35, and 0.59 for the UCM, CCM, and
CCP scenario, respectively. The model provided satisfactory results of SWC with all
scenarios, particularly during the period of high soil moisture. However, during the period
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of low soil moisture, the UCM scenario showed a tendency to overestimate the SWC more
than CCM and CCP scenarios due to the impact of input values of 𝜃 at 0.10, 0.33, and 15
bar. Low input values of 𝜃 at 15 bar in the CCM and CCP scenario increased the model
ability for simulating the SWC at low soil moisture. Statistically, the CCM scenario showed
better simulations of SWC than the UCM and CCP scenarios, particularly at the surface
depths.
During the fallow soil period, the model simulated SWC satisfactorily at the surface
depth with RMSE of 0.05, 0.04, and 0.03 cm3/cm3 for the UCM, FCM, and FCP scenario,
respectively. The NRMSE values at the same depth were 0.15, 0.14, and 0.11 for the UCM,
FCM, and FCP scenario, respectively (Fig. 2.4-a). The simulations of SWC during the
fallow soil period were better than during the corn growing season probably because there
was no interference from the crop (Fang et al., 2010). RMSE, MBE, and NRMSE values
were decreased with increasing the soil depth for corn growing season and fallow soil
period.
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Figure 2.3 Measured and daily simulated soil water content using UCM, CCM, and CCP
scenarios during model calibration for the corn growing season of 2016.
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Figure 2.3 Cont’d.
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Figure 2.4 Measured and daily simulated soil water content using UCM, FCM, and FCP
scenarios during model calibration for the fallow soil period of 2015-2016.
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Figure 2.4 Cont’d.
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Figure 2.5 shows the validation of all model scenarios during the soybean growing
season. In general, the SWC at all depths increased following the rainfall events and
decreased following active crop water uptake (Saseendran et al., 2015) and drought
conditions. The values of the RMSE and NRMSE decreased with increasing soil depth. All
scenarios yielded satisfactory simulations of SWC, particularly for the wet period with the
RMSE values of 0.10, 0.07, 0.10, 0.08, and 0.09 cm3/cm3 for the UCM, CCM, CCP, FCM,
and FCP, respectively, at the surface layer (Fig. 2.5-a). Also, the NRMSE values for the
same layer were 0.46, 0.30, 0.45, 0.35, and 0.40 for the UCM, CCM, CCP, FCM, and FCP,
respectively. The statistical results for all model scenarios were comparable to those
reported by Cameira et al. (2005). The UCM scenario presented the highest tendency of
overestimating the SWC during the dry period (on day 258-267 of the year), whereas, the
CCM presented the best simulations of SWC during the same period due to the effect of
the model input values for 𝜃 at 0.33 and 15 bar. The SWC simulations of all scenarios
indicated that increasing model input values for 𝜃 at 0.33 bar improved the model capability
to simulate the SWC under wet conditions, while decreasing model input values of 𝜃 at 15
bar increased the model capability to simulate the SWC under dry conditions. Therefore,
extending the range between the 𝜃 at 0.33 bar and 𝜃 at 15 bar was the best way to improve
the simulations of SWC. Similarly to Fang et al. (2014b) simulation results, the model
yielded better SWC simulations during wet conditions than the drought conditions.
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Figure 2.5 Measured and daily simulated soil water content using UCM, CCM, CCP,
FCM, FCP scenarios during model validation during the soybean growing season of 2015.
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Figure 2.5 Cont’d.
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The measured SWF for the days with measurements of SWC and daily simulated
SWF across the 90-cm-plane for the corn growing season, fallow soil period, and soybean
growing season are presented in Figure 2.6. The calibration for the corn growing season
and fallow soil period yielded satisfactory simulations of the SWF for all scenarios (Fig.
2.6-a&b). During the corn growing season, the UCM, CCM, and CCP scenarios simulated
the SWF with RMSE of 0.42, 0.50, and 0.59 mm/day, respectively. Also, during the fallow
soil period, the UCM, FCM, and FCP scenarios simulated the SWF with RMSE of 1.16,
2.27, and 1.12 mm/day, respectively.
The validation of all model scenarios during the soybean growing season resulted
that the UCM scenario showed the best simulations of SWF with RMSE of 0.77 mm/day
(Fig 2.6-c). While, the CCM, CCP, FCM, and FCP scenarios simulated the SWF with 3.45,
1.50, 3.00, and 2.80 mm/day, respectively. The simulations of the SWF of all model
scenarios indicated that, simulated SWF out of the root zone was appreciably affected by
the model input parameters of the soil bulk density and saturated soil hydraulic
conductivity more than the SWRC inputs. These results are in agreement with Ma et al.
(2009) finding, which is that soil water dynamics is affected by model inputs of Ksat more
than SWRC. With increasing the values of soil bulk density and saturated soil hydraulic
conductivity inputs, the SWF out of the root zone was increased; which probably due to
the effect of the bulk density on the soil porosity. When the bulk density value increases
the soil porosity decreases, which may affect the water holding capacity.
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Figure 2.6. Measured and daily simulated soil water flux across the 90 cm plane during (a)
corn growing season of 2016, (b) fallow soil period of 2015-2016, and (c) soybean growing
season of 2016.
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Daily average actual crop evapotranspiration was measured over about 7-day
periods with the soil water balance method (SWB) and compared with daily simulated ETc
for the UCM, CCM, and CCP scenarios during the corn growing season (Figure 2.7-a).
The corn ETc was simulated with a RMSE of 1.24, 1.27, and 1.13 mm/day for the UCM,
CCM, and CCP, respectively. All scenarios performed well regarding NRMSE which was
around 0.30. Similarly to Qi et al. (2016) simulations of ET, a tendency to underestimate
ETc, particularly during the middle of the crop growing season, was shown for UCM,
CCM, and CCP scenarios. Moreover, the UCM scenario showed a tendency to
underestimate corn ETc more than the other scenarios at the ripening stage of the growing
season due to the effect of simulated water stress (water stress is a ratio of actual crop
evapotranspiration to potential crop evapotranspiration) which appeared during this stage
in the UCM simulations (Fig. 2.8-a). Appearing water stress at any crop development stage
affects the crop growth, and subsequently, it affects the ETc (Allen et al., 2011; Alves and
Cameira, 2002; Farahani and Ahuja, 1996; Marek et al., 2014).
During the validation of all soybean modeling scenarios (Fig. 2.7-b), UCM, CCM,
CCP, FCM, and FCP simulated the soybean ETc with RMSE values around 1.45 mm/day
and NRMSE values around 0.42; which is within the range given by Anapalli et al. (2016a).
Moreover, the UCM and FCM scenarios offered better ETc simulations than the other
scenarios, particularly at the ripening stage.
Figure 2.8 shows the water stress, LAI, aboveground biomass, and yield results for
the corn. The corn water stress just appeared at the ripening stage of the UCM simulations
due to the effect of the model inputs of the 𝜃 at 0.33 and 15 bar as previously mentioned.
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Figure 2.7. Measured and daily simulated actual crop evapotranspiration for (a) corn
growing season of 2016 and (b) soybean growing season of 2015.

Simulated corn LAI, aboveground biomass, and yield using the UCM scenario were
lower than the simulations of the CCM and CCP scenarios due to the effect of simulated
water stress. Although the plants are somewhat flexible in extracting soil water from soil
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layers to minimize water stress (Teuling et al., 2006), the crop growth was considerably
affected by the simulated water stress.
During the validation of soybean growth simulations, all scenarios showed water
stress at the ripening stage except the CCM scenario (Fig. 2.8-b). However, the UCM
scenario showed higher water stress than the other scenarios. Simulated soybean LAI (Fig.
2.8-d), aboveground biomass (Fig. 2.8-f), and yield (Fig. 2.8-h) were affected by simulated
water stress. The UCM scenario yielded better simulations of crop growth and yield than
the other scenarios. It simulated the soybean yield with an error of -0.9% while the other
scenarios simulated the soybean yield with an error of around 70%. High errors values in
crop yield simulations in this season were due to the effect of simulated water stress.
Overall, the simulations of the crop growth and yield were appreciably affected by
simulated water stress. Similar results were obtained by Saseendran et al. (2014a and 2015)
under different water stress factors and Sezen et al. (2014) under different irrigation
treatments.
From the simulated results of all scenarios, the simulations of SWC and SWF were
affected by the SHPIP inputs; moreover, the simulations of the crop growth, water stress,
and ETc were much more strongly affected by the SHPIP inputs. The UCM scenario
showed better simulations than the other scenarios with regard to soybean growth and
yield, which indicates the advantage of using measured SHPIP without calibration.
Regarding CCM, CCP, FCM, and FCP simulations, if the gap between measured and
simulated soybean growth and yield was reduced by calibrating the crop parameters, the
simulations of SWC and SWF will be affected and are required further calibration of
SHPIP. Hence, a long iterative calibration is required.
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Figure 2.8. Simulated (a) corn water stress, (b) soybean water stress, (c) corn leaf area, (d)
soybean leaf area, (e) corn biomass, (f) soybean biomass, (g) corn yield, and (h) soybean
yield.
40

2.4.2 Section 2: Calibrating Measured Soil Hydraulic Property Input Parameters at
Different Field Management Conditions
As shown in the previous section, the model was successfully utilized for each of
the SHPIP scenarios that were calibrated for different field management conditions. In this
section, all previous scenarios were used to simulate processes during the wheat growing
season without any further change. Table 2.3 shows the main measured and calibrated soil
physical and hydraulic properties of the soil profile under wheat, soybean, fallow soil, and
corn. Table 2.4 shows the wheat crop parameters that were used for all four calibration
scenarios. As the wheat growing season was simulated using four scenarios of model
calibration which are WC, SC, FC, and CC, all the presented results will be shown for the
wheat growing season. These results will explore the model capability to simulate the
wheat growing season by using measured SHPIP that were calibrated for different field
management conditions (soybean, corn, and fallow soil).
Soil water content is a good indicator for evaluating the model performance because
it relates to the water dynamics in the root zone and crop evapotranspiration (Cameira et
al., 2005). The model-simulated soil water content using four scenarios of calibration was
compared with the field-measured SWC to evaluate the response of the RZWQM2 model
to the calibrations of measured SHPIP under different field conditions (Fig. 2.9). All four
scenarios satisfactorily simulated the SWC for all soil layers with RMSE and MBE of less
than 0.1 cm3/cm3. WC, SC, FC, and CC scenarios slightly underestimated SWC for some
of the soil layers. The NRMSE at the surface layer was 0.19, 0.24, 0.21, and 0.14 for WC,
SC, FC, and CC, respectively, (Fig. 2.9-a) and it decreased with increasing the soil depth;
probably due to the less pronunciated fluctuations in the lower layers. Our simulation

41

results are close to the range given by Sophocleous et al. (2009). For the most layers, the
SC scenario yielded the highest SWC, while the CC resulted in the lowest SWC at all layers
due to the effect of model inputs of 𝜃 at 15 bar, because 𝜃 inputs of the CC scenario were
lower than the 𝜃 inputs of the SC scenario (Table 2.3). The best simulation of low SWC
was obtained with the scenario in which low input values of the 𝜃 at 15 bar were applied.
Overall, all model scenarios simulated the SWC within or close to one standard error of
measured SWC.
The measured soil water flux for the days with measurements of SWC and
simulated SWF across the 90 cm plane of the root zone during the wheat growing season
are showed in Fig. 2.10. Similarly to the SWC, reasonable results were obtained for the
SWF through the bottom boundary with RMSE values of 1.07, 0.77, 1.19, and 0.77 mm/day
for the WC, SC, FC, and CC scenarios, respectively. The four scenarios overestimated the
SWF with MBE of -0.24, -0.14, -0.35, and -0.19 mm/day for the WC, SC, FC, and CC
scenarios, respectively. Statistically, the SC and CC scenarios produced slightly better
SWF than the WC and FC scenarios due to the lower values of the input hydraulic
conductivity at some soil depths, particularly the lower depths, which reduced the water
movement to the deeper depths (Table 2.3). These results are in agreement with Ma et al.
(2009) findings.
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Figure 2.9. Field-measured soil water content with time in different soil layers vs. modelsimulated using four scenarios of calibration under; wheat crop (WC), soybean crop (SC),
fallow soil (FC), and corn crop (CC) during the wheat growing season. Error bars represent
one standard deviation of measured values.
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Figure 2.9. Cont’d.
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Figure 2.10. Field-measured soil water flux across the depth of 90-cm vs. model-simulated
using four scenarios of calibration under; wheat crop (WC), soybean crop (SC), fallow soil
(FC), and corn crop (CC) during the wheat growing season.

Wheat leaf area index is one of the most critical crop growth parameters due to its
impact on partitioning the ET between crop transpiration and soil evaporation (Ma et al.,
1999). Simulated LAI directly impacts the simulated evapotranspiration, and therefore, it
influences the water balance. Fig. 2.11 shows the comparison between field-measured and
model-simulated LAI for the four scenarios. The resulting RMSE values were 0.39, 0.27,
0.41, and 0.25 for the WC, SC, FC, and CC scenarios, respectively. Our LAI simulation
was comparable to that of Qi et al. (2016) in terms of statistical values. CC scenario
overestimated the LAI with MBE of 0.06, while, WC, SC, and FC scenarios
underestimated the LAI with MBE of -0.31, -0.14, and -0.30, respectively. The WC and
FC scenarios offered later development and lower LAI values than the other two scenarios
due to the effect of soil water availability in the root zone which was lower than for the
other scenarios (Therond et al., 2011).
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Figure 2.11. Field-measured wheat leaf area index vs. model-simulated using four
scenarios of calibration under; wheat crop (WC), soybean crop (SC), fallow soil (FC), and
corn crop (CC). Error bars represent one standard deviation of the measured leaf area index.

The wheat aboveground biomass was measured four times during the wheat
growing season of Tillers formed, First node of stem visible, In boot, and Ripening stage
(Fig. 2.12). Similar to the LAI, the highest aboveground biomass was simulated for the CC
scenario, probably due to the same reason which is the impact of the 𝜃 inputs. When the 𝜃
inputs at 0.33 bar are elevated and 𝜃 inputs at 15 bat are reduced, the water holding
capacity increases which is yielded in more available soil water for plants. The WC, SC,
FC, and CC scenarios simulated the aboveground biomass with an average error of 4%,
12%, 1.4%, and 26%, respectively.

46

Figure 2.12. Field-measured wheat aboveground biomass vs. model-simulated using four
scenarios of calibration under; wheat crop (WC), soybean crop (SC), fallow soil (FC),
and corn crop (CC). Error bars represent one standard deviation of the measured
aboveground biomass.

The simulated crop growth and yield were clearly affected by the model soil
hydraulic property input parameters. Grain yield simulations were within one standard
deviation of observed values; WC, SC, FC, and CC scenarios simulated the wheat grain
yield with an error of 0.3%, -1.6%, 0.2%, and 3.8%, respectively (Table 2.5). All scenarios
overestimated the grain yield except the SC scenario which underestimated it with an error
of -1.6%. Statistically, our simulations of crop growth and yield were in agreement with
that reported by Saseendran et al. (2015) and Ma et al. (2012c).
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Table 2.5 Measured and simulated grain yield using four scenarios of calibration under;
wheat crop (WC), soybean crop (SC), fallow soil (FC), and corn crop (CC). Simulated
yield for all scenarios were within one standard error of the measured grain yield.
Model scenario

WC

SC

FC

CC

Measured

Grain yield (kg/ha)

6452

6329

6442

6676

6430

%Error*

0.3

-1.6

0.2

3.8

* %Error is the percentage error between measured and simulated values.

As shown in Figure 2.13, the plant nitrogen uptake was measured four times during
the development and mature stages of the wheat growing season (Tillers formed, First node
of stem visible, In boot, and Ripening stage) as well as for the grain yield. The WC, SC,
FC, and CC scenarios simulated the plant nitrogen uptake with an average error of 13%,
23.5%, 8.2%, and 40.6%, respectively (the simulated error during the In boot stage was not
included in the average because the measured value was very low and unexpected probably
due to an error during the sampling processes, which could be a problem that happened
during the drying process of the plant samples). Our simulations of N uptake in biomass
and grain are comparable to Ma et al. (2007b) and Hu et al. (2006) findings.
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Figure 2.13. Field-measured N-uptake of wheat aboveground biomass and grain yield vs.
model-simulated using four scenarios of calibration under; wheat crop (WC), soybean crop
(SC), fallow soil (FC), and corn crop (CC). Error bars represent one standard deviation of
the measured N-uptake.

Large standard deviations of measured mineral nitrogen concentrations in the soil
profile were found by several researchers (Hu et al., 2006; Kengni et al., 1994; Schoen et
al., 1999). The most plausible reason behind that is the processes associated with soil C/N
dynamics which are affected by field management practices (Cameira et al., 2007).
Because of that, 12 samples have been taken at each time and depth. However, the large
spatial and temporal variability of the N components in the soil profile makes it difficult
for the calibration of the nutrient module as well as the evaluation of the model
performance. Fig. 2.14 shows a comparison between measured and simulated soil mineralN concentration during the wheat growing season (Tillers formed, First node of stem
visible, In boot, and Ripening stage) at four depths (0-15, 15-30, 30-60, and 60-90 cm).
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Figure 2.14. Field-measured soil mineral nitrogen by soil layer vs. model-simulated using
four scenarios of calibration under; wheat crop (WC), soybean crop (SC), fallow soil (FC),
and corn crop (CC) during the wheat growing season. Error bars represent one standard
deviation of the measured soil mineral nitrogen.
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Soil mineral-N in all soil depths were generally simulated with high values of
(NRMSE of 0.5 - 3.6) and (RMSE of 4 – 22 kg N / ha) for all scenarios, however, it was
better than that reported by Ma et al. (2007b) and Sophocleous et al. (2009); but less
satisfaction compared to Cameira et al. (2007) and Hu et al. (2006) simulations of mineralN. Many attempts to optimize the simulated soil mineral-N were applied during the
calibration phase. However, it was not possible to improve simulated soil nitrogen
components through better calibration of the model as it mentioned by the Hu et al., 2006.
The case of simulating unsatisfactory soil mineral-N results in the soil profile was reported
by Fang et al. (2008), Hu et al. (2006), Kumar et al. (1999), and Sophocleous et al. (2009).
Similar to the Cameira et al. (2007) and Saseendran et al. (2014b) results, simulated
mineral-N showed an increasing during the ripening stages; the explanation behind this
case could be that the mineralization process is continuously producing mineral-N in the
soil, while the crop no longer extracts mineral-N from the soil during this stages. The SC
scenario yielded a slightly better simulation of soil mineral-N than other scenarios for all
depths except for the lower depth. Overall SC simulation was lower than the other
scenarios, especially at the maturity stage, while the CC produced the highest soil mineralN at the maturity stage. However, WC and FC scenarios presented higher soil mineral-N
at the development stage due to the fact that simulated soil mineral-N is affected by the
simulated soil water movement which affected by the model inputs of the soil hydraulic
properties as well as plant development (Ahuja et al., 2000). Plant development showed
clear impacts on the simulated nitrogen uptake from the soil profile (Fig. 2.15) and
therefore on the soil mineral-N. The CC scenario presented higher N-uptake from the soil
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profile of 100 cm than the other scenarios due to the impact of the simulated plant growth
of the CC scenario on the N-uptake.
As the nitrogen fertilization method, rate, and date are influenced the simulated
mineral-N concentration in the soil profile and groundwater (Hallberg, 1986; Saseendran
et al., 2007), RZWQM2 simulated that effects with high performance. Simulated mineralN concentrations in the soil profile was clearly affected by the fertilization dates which
were on day 132 and 148 of the growing season, especially at depths of 0-15 and 15-30
cm. (Fig. 2.14).

Figure 2.15. Model-simulated nitrogen uptake from the soil profile of 0 – 100 cm, using
four scenarios of calibration under; wheat crop (WC), soybean crop (SC), fallow soil (FC),
and corn crop (CC).
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Daily average actual crop evapotranspiration was calculated over 7-day periods
using the soil water balance method (SWB). The comparison between model-simulated
ETc using four calibration scenarios with field-measured ETc is presented in Fig. 2.16. The
model simulated the ETc with RMSE values of 1.23, 1.22, 1.21, and 1.20 mm/day for the
WC, SC, FC, and CC scenarios, respectively. The model showed a tendency to
overestimate ETc with a MBE of 0.44, 0.44, 0.30, and 0.37 mm/day for the WC, SC, FC,
and CC scenarios, respectively. The ETc simulations were within the range reported by
Anapalli et al. (2016a) and Yu et al. (2006) in terms of statistical values.

Figure 2.16. Field-measured actual wheat evapotranspiration vs. model-simulated using
four scenarios of calibration under; wheat crop (WC), soybean crop (SC), fallow soil (FC),
and corn crop (CC).
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The SC scenario produced slightly higher ETc than the other scenarios probably
due to the fact that the actual soil evaporation is increasing with decreasing the LAI (Fig.
2.17). Also, this may be due to the calculation process of ETc in the RZWQM2 model
which is based on the assumption of actual soil evaporation demand is equal to the potential
rate of the soil evaporation at the soil surface (Ahuja et al., 2000; Cameira et al., 2005).

Figure 2.17. Cumulated model-simulated wheat evapotranspiration, using four scenarios
of calibration under; wheat crop (WC), soybean crop (SC), fallow soil (FC), and corn
crop (CC).
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2.5 Conclusions:
In order to improve RZWQM2 simulations, the model sensitivity and capability
were examined under different field conditions with regard to the calibration of the soil
hydraulic property input parameters. Measured SHPIP were used as model inputs without
calibration under different field conditions to explore the possibility of improving the
model simulations. Also, to test the capability of calibrating measured SHPIP for one time
at each field regardless of the crop type, measured SHPIP were validated under field
conditions different from the one that was used for calibration.
RZWQM2 simulation showed a high sensitivity to the model inputs of the SHPIP,
and they yielded an acceptable simulation accuracy under field conditions different from
the ones used for calibrating the SHPIP. Model input parameters of 𝜃 at 0.1, 0.3, and 15
bar showed high effect on simulated soil water dynamics, crop growth, and crop
evapotranspiration. The soil water content was affected more by input parameters of 𝜃 at
0.1, 0.3, and 15 than other soil hydraulic inputs, whereas the soil water flux was affected
by the saturated hydraulic conductivity and bulk density more than the 𝜃 inputs. Appearing
water stress at any time during the crop growing season significantly effects crop growth,
evapotranspiration, and yield. Therefore, calibrating the water stress directly after soil
water dynamics would significantly improve model simulations of crop development and
evapotranspiration.
Using representative field-measured soil hydraulic properties as model inputs has
shown to be effective for improving model performance and producing meaningful
outputs, especially with regard to simulated soil water dynamics, crop evapotranspiration,
and crop development. Field-measured SHPIP were essential to build a RZWQM2 model
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that produced satisfactory results even without calibration. Moreover, SHPIP calibrated for
one crop were still effective for the other crops grown in the same field at a different time.
Notwithstanding, similar testing across diverse field conditions (soil, crop, and weather)
could be a critical need in the future to facilitate building further confidence in the using of
measured soil hydraulic parameters as model inputs.
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Chapter 3 Nitrogen Management Effects on Soil Water Dynamics and Wheat
Evapotranspiration

3.1 Abstract:
Nitrogen (N) fertilization is critical for crop growth; however, its effect on soil
water dynamics and crop evapotranspiration (ETc) behavior is not understood. Studying
the interaction between N application rate and water dynamics in a field with high temporal
resolution experimentally is not easy and at times not possible, particularly taking into
consideration the behavior of the ETc components. Agricultural system models integrating
many different processes that cannot all be measured and identified with high temporal
resolution in field experiments may help to quantify the effect of nitrogen fertilizer rate on
soil water dynamics and ETc. This study investigated the effect of the N application rate
on the soil water dynamics and ETc behavior under different rainfall amounts. A field study
was conducted in 2016 - 2017 with three N application rates (0, 70, and 130 kg N ha−1) in
unirrigated winter wheat. Also, the actual rainfall was multiplied by 1.25, 1.00, 0.75, and
0.50, to create four rainfall scenarios that were used during the model simulation processes
to explore the rainfall effect on the interaction between N and ETc. During the growing
season, soil water content (SWC), soil water flux (SWF), ETc, and crop growth were
quantified. To study the interaction between N application rates and water dynamics with
appropriate temporal resolution, the Root Zone Water Quality Model (RZWQM2) was
applied to field conditions of three N fertilization regimes and four rainfall scenarios. The
model presented satisfactory capability to quantify the effect of N rate on daily ETc and
soil water dynamics. Under the effect of 100% and 125% rainfall scenarios, the High-N
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rate yielded higher SWC and SWF than the other N rates, but its associated ETc was lower
than for the other N rates; moreover, the Zero-N rate yielded the highest ETc. In the 75%
and 50% rainfall scenarios, all N rates showed similar SWC, SWF, and ETc. Nitrogen
application rate showed a noticeable impact on the behavior of soil water dynamics and
crop evapotranspiration components, but this impact was differed depending on modeled
extent of rainfall.

3.2 Introduction:
Sustainable management of nitrogen can be challenging (Hu et al., 2006; LópezBellido et al., 2005) due to complex nitrogen transformation dynamics in the soil and crops
that follow the soil water dynamics, as well as due to the little that is known about the
interaction between the applied N rate and water dynamics. Unmanaged nitrogen
fertilization can affect the available soil water such as increased plant transpiration due to
increased vegetative cover can cause less available soil water during the flowering stage
which may then decrease nitrogen use efficiency (Nielsen and Halvorson, 1991; Ritchie
and Johnson, 1990; Sexton et al., 1996). In many studies, the effect of N fertilization on
crop growth, crop yield, and nitrogen use efficiency has been reported (Novoa and Loomis,
1981; Raun and Johnson, 1999). However, the impact of N application regimes on the soil
water dynamics and crop evapotranspiration behavior under different rainfall amounts over
the entire growing season has not been sufficiently understood.
Understanding the interaction between the crop evapotranspiration and applied N
in the agricultural systems is essential for crop-water management, but it is still challenging
to quantify the N effects on the ETc behavior in the field, particularly its effects on the
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quantification of the crop transpiration and soil evaporation, separately. As crop growth
and yield greatly depend on applied N when the soil water is abundant (Saseendran et al.,
2004), the interaction between evapotranspiration and applied N is affected by the amount
of applied irrigation or rainfall. However, the influential amount of rainfall has not been
clearly determined in which range it affects the interaction between evapotranspiration and
applied N rate. Agricultural system models which can integrate many different processes
that cannot all be measured and identified in field experiments may help to quantify the
impact of N fertilization rates on soil water dynamics and ETc over the growing season.
Also, agricultural system models may help quantify the effect of rainfall amounts on the
interaction between ETc and applied N rate.
Root Zone Water Quality Model is one of the most widely used agricultural system
models. It can simulate the effect of management practices, weather parameters, and soil
properties on water dynamics and crop growth (Ahuja et al., 2000; Cameira et al., 1998;
Hanson et al., 1998). Malone et al. (2007) evaluated RZWQM under different nitrogen
management strategies of applying mineral N and manure; satisfactory model simulations
of corn yield, N loss, and N concentrations were obtained with R2 > 0.80 and RMSE <
20%. Yu et al. (2006) also simulated crop evapotranspiration, soil water content, and leaf
area index with RMSE of 1.4 mm, 0.046 m3/m3, and 1.1, respectively for winter wheat
using RZWQM. Hu et al. (2006) used the RZWQM to evaluate and develop nitrogen and
water management strategies for winter wheat under different N treatments; RZWQM was
useful for simulating soil water content, crop growth, and plant N uptake. Additionally,
RZWQM2 performed satisfactorily in simulating the effects of climate change and elevated
atmospheric CO2 concentrations on water and nitrogen dynamics, and crop growth after
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calibrating measured soil hydraulic property input parameters (Wang et al., 2015).
Saseendran et al. (2014b) also successfully simulated the effects of climate, initial soil
water levels at planting, frequencies and amounts of irrigations, and N rates on
water/nitrogen use efficiency; the best management for optimum grain yield was for 3- to
7-day irrigations to replace 90% ET losses and N at 200 kg ha−1. However, the effects of
some other factors that could influence the soil water dynamics and evapotranspiration
behavior, such as the N application rates and rainfall amounts have not been studied.
Therefore, the RZWQM2 model was used to discover (i) the effect of N application rates
on the soil water dynamics and ETc behavior; and (ii) how ETc would respond to N rates
under different climate conditions, represented here through increased and reduced
amounts of rainfall during the growing season?

3.3 RZWQM2 model overview
The RZWQM2 model has been described in detail by Ahuja et al. (2000), Anapalli
et al. (2016a), Cameira et al., (2005), Farahani et al. (1999), Hanson et al. (1999), Kumar
et al. (1999), Ma et al. (2017), and Saseendran et al. (2004). Therefore, in this chapter, the
focus will be on some critical information that is related to the ETc simulations. Actual
crop evapotranspiration simulated by RZWQM2 is a sum of actual soil evaporation and
actual crop transpiration (Ahuja et al., 2000). Actual soil evaporation is calculated using
Richards’ soil water movement equation by assuming that the evaporative demand is equal
to the potential evaporation rate at the soil surface (Saseendran et al., 2014a). Actual crop
transpiration is computed by an empirical root water uptake equation (Nimah and Hanks,
1973); that is not allowed to exceed the potential plant transpiration. Where the potential
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soil evaporation/crop transpiration rate are obtained from the extended Shuttleworth–
Wallace (1985) ET model (Farahani and Ahuja, 1996). As ETc estimated from a soilcanopy-residue system, the resistances have been included by the extended ShuttleworthWallace model (Farahani and Ahuja, 1996) which is a double layer version of the PenmanMonteith equation (Monteith, 1965) to include the evaporation from soil-canopy-residue
covered soils as
𝜆𝐸𝑇 = 𝐶𝐶(𝑃𝑀𝑐 ) + 𝐶𝑆(𝑃𝑀𝑠 ) + 𝐶𝑅(𝑃𝑀𝑟 )

(𝑒𝑞 3.1)

where λET is the total flux of latent heat above the canopy; PMc, PMs, and PMr are the
Penman-Monteith equations applied to the canopy, bare soil, and residues, respectively.
CC, CS, and CR are coefficients based upon the fractions of the area covered by the canopy,
bare soil, and residue, respectively.
Equation (3.1) has three possible scenarios; first, if no surface residue is present,
CR will be zero, and consequently, equation (3.1) reduces to the original ShuttleworthWallace model (1985). The second scenario is the absence of a crop, with the consequence,
that CC will be zero, and equation (3.1) will be a Penman-Monteith type soil evaporation
model. In the third scenario, when the canopy is completely covering the field, CS and CR
are zero, and equation (3.1) becomes the original Penman-Monteith model. Extra details
about CC, CR, and CS terms can be found in Farahani and DeCoursey (2000).
In this model, there are several possible scenarios of resistance against the
evapotranspiration (Alves and Maria, 2002). First, soil surface resistance (𝑟𝑠𝑠 ) which is the
soil surface resistance to evaporate the soil water. It increases as the soil surface dries
(Camillo and Gurney, 1986). Second, canopy resistances (the mean canopy boundary layer
resistance, 𝑟𝑎𝑐 and bulk stomatal resistance, 𝑟𝑠𝑐 ) which is the canopy resistance against the

61

transferred water vapor from the canopy. It is affected by the sub-stomatal cavities and
boundary layer around the leaves (Shuttleworth and Gurney, 1990; Smith et al., 1988). The
mean canopy boundary layer resistance, 𝑟𝑎𝑐 , is calculated in the Shuttleworth-Wallace
model as
𝑟𝑎𝑐 =

𝑟𝑏
(2𝐿𝐴𝐼)

(𝑒𝑞 3.2)

Where 𝑟𝑏 /2 is the mean leaf boundary layer resistance of amphistomatous leaves per unit
surface area of vegetation and LAI is the leaf area index.
The bulk stomatal resistance is calculated as
𝑟𝑠𝑐 =

𝑟𝑠
,
(2𝐿𝐴𝐼)

𝑟𝑠𝑐 =

𝑟𝑠
,
(𝐿𝐴𝐼)

𝑓𝑜𝑟 𝐿𝐴𝐼 ≤ 2
𝑓𝑜𝑟 𝐿𝐴𝐼 > 2

(𝑒𝑞 3.3)
(𝑒𝑞 3.4)

Where 𝑟𝑠 /2 is the mean stomatal resistance of amphistomatous leaves. The 𝑟𝑠𝑐 automatically
decreases with increasing the LAI without restrictions.
Most of the leaves of crop often contribute to the transpiration process at LAI less
than 3 (Ham and Heilman, 1991). However, the LAIeff decreases as the canopy develops
and LAI becomes higher than 3 (Monteith et al., 1965; Szeicz and Long, 1969). That means
the leaf area index becomes a non-limiting factor for evapotranspiration when it is 3 or
larger. Crops with a LAI equal to or above 3 will have the same transpiration rate if soil
water is not limited (Farahani and Bausch, 1994). LAIeff for the entire range of LAI in
RZWQM2 model is estimated as
𝐿𝐴𝐼𝑒𝑓𝑓 = 𝐿𝐴𝐼

𝑓𝑜𝑟

𝐿𝐴𝐼 ≤ 1

(𝑒𝑞 3.5)

𝐿𝐴𝐼𝑒𝑓𝑓 = 0.5𝐿𝐴𝐼

𝑓𝑜𝑟

𝐿𝐴𝐼 ≥ 3

(𝑒𝑞 3.6)

𝐿𝐴𝐼𝑒𝑓𝑓 = 𝐿𝐴𝐼(1.25 − 0.25𝐿𝐴𝐼)

𝑓𝑜𝑟

62

1 ≤ 𝐿𝐴𝐼 ≤ 3

(𝑒𝑞 3.7)

3.4 Materials and methods:
3.4.1 Experimental Design and Measurements
The experiment was conducted at the University of Kentucky’s Spindletop
Research Farm, Lexington, Kentucky. The climate is humid subtropical with an average
annual precipitation of 114 cm and a mean annual temperature of 13°C. The soil is a Maury
silt loam, classified as a mixed, semiactive, mesic Typic Paleudalf (Yang et al., 2013).
A soil profile was opened for collecting disturbed and undisturbed soil samples at
five soil depths of 0-10, 20-30, 40-50, 60-70, and 80-90 cm. Three replicates were collected
for each of the soil water retention curve, unsaturated hydraulic conductivity, soil texture,
and bulk density at each depth. Saturated hydraulic conductivity was measured in the field
with the borehole permeameter approach (Soil Measurement Systems) (Reynolds and
Elrick, 1986), at five depths (10, 30, 50, 70, and 90 cm) with two replicates per depth (Table
3.1). Also, for understanding the chemical status of the soil before applying nitrogen rates,
the soil organic matter, total nitrogen, soil organic carbon, C/N ratio, pH, bases saturation,
NO3-N, NH4-N, and cations exchange capacity were quantified at depths 0-15, 15-30, 3060, and 60-90 cm (Table 3.2).
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Table 3.1 Field measurements and model inputs of soil physical and hydraulic properties
for soil profile.

* Black values were fixed, while Green values were calibrated.

Table 3.2 Selected measured chemical properties of the soil profile.

Winter wheat (Triticum aestivum L.) was planted on November 2, 2016, and
harvested on June 27, 2017. It was grown in plots 35 by 5 m in no-till with corn residue.
The experiment consisted of three N fertilizer rates with four replications. The N fertilizer
was applied as foliar fertilizer with a farm sprayer. The N fertilizer rates were 0 (Zero-N),
70 (Low-N), and 130 (High-N) kg N ha-1 which were applied as Urea Ammonium Nitrate
which has 32% N in equal fractions of urea, ammonium, and nitrate nitrogen. The 70 and
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130 kg N ha-1 rates were split across two applications. The first application occurred on
March 13, 2017, and the second application on March 29, 2017.
Crop leaf area index (LAI) was measured about once a week with a LI-COR, LAI2000 Plant Canopy Analyzer during the development and mature stages of the growing
season (early March until harvesting). Six readings were taken for each treatment at each
LAI measurement. Each reading consisted of two readings above the canopy and three
below the canopy near the ground surface.
Soil water content was measured about once a month from early November until
the mid of March and about once a week from mid of March until grain harvest; at 10 cm
depth increments down to 100 cm depth at the center of each plot, using a capacitance
probe (Diviner 2000, Sentek Pty Ltd). Soil water flux (SWF) across the 90 cm plane, i.e.,
the vertical center of the 80-90 and 90-100 cm depth compartment was quantified using
Darcy’s law for the days of measured soil water content. The SWF is the amount of water
that is either lost across the lower boundary out of the root zone profile as deep drainage
or gained through upward capillary rise into the root zone.
Daily average actual crop evapotranspiration was measured over about a 7-day
period using the soil water balance method (SWB). The SWB method is based on the
conservation of water mass within the root zone and has been widely used to estimate the
actual crop evapotranspiration due to its accuracy (Djaman and Irmak, 2013; Frimpong et
al., 2012; Irmak et al., 2008).
Daily solar radiation, air temperature, rainfall, wind speed, and relative humidity
were recorded at the research field ET107 weather station (Campbell Scientific, Inc.).
Reference crop evapotranspiration defined as the evaporative demand of the atmosphere
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independent of crop type, crop development, and management practices was calculated
from the weather data using the Penman-Monteith approach (Allen et al., 1998), and is
shown in Fig. 3.1.

Figure 3.1 Daily precipitation, air temperature, and reference evapotranspiration during
wheat growing season.

In addition to the nitrogen rates (0, 70, 130 kg/ha) that were applied in the field,
four scenarios of rainfall were created during the model simulation to study the impacts of
the nitrogen rates on the simulated soil water dynamics and crop evapotranspiration under
different amounts of the rainfall. Rainfall scenarios (125%, 100%, 75%, and 50%) were
created by multiplying the actual rainfall by 1.25, 1.00, 0.75, and 0.50, respectively.
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3.4.2 RZWQM2 Calibration:
The main points of the model calibration processes that have been done for our field
will be explained. In general, the RZWQM2 model requires a huge base of input
information. This input is divided mainly into two parts, which are daily weather data and
soil-crop information. The daily weather data (solar radiation, maximum and minimum
temperature, wind speed, relative humidity, and rainfall) were used as input data for the
experimental scenario before operating the model. Likewise, the soil profile depth and
horizons, drainage information, planting and harvesting dates and method, planting density
and depth, row spacing, and irrigation and fertilizer application method were specified
before operating the model. Additional information such as, field area, elevation, latitude,
slope, crop albedos, residue mass and age were also specified (Ma et al., 2011). The soil
profile was subdivided into ten layers. The depth of the model layers were 0-10, 10-20, 2030, 30-40, 40-50, 50-60, 60-70, 70-80, 80-90, and 90-150 cm. Each simulations was started
three months ahead of planting to equilibrate the initial soil water based on the precipitation
(Saseendran et al., 2014a). While, soil mineral nitrogen was initialized using measured soil
NO3 and NH4.
As the model has a better response to the high nitrogen rate than the low nitrogen
rate (Cameira et al., 2005), the model was calibrated for the wheat experiment using
experimental data from the N rate of 130 kg N ha-1 under the normal rainfall scenario which
is 100% rainfall. The calibration process was started with the soil moisture dynamics, then
the N component, and finally the plant development components using the iterative
calibration approach (Hanson et al., 1999; Ma et al., 2003).
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Because soil physical and hydraulic properties (soil texture, dry bulk density, soil
hydraulic conductivity, and soil water retention curve) are very important required model
inputs, they were measured at several depths. Measured soil hydraulic property inputs (bulk
density, saturated hydraulic conductivity, and water content at 0.10, 0.33, and 15 bar) were
manually and iteratively modified within one standard error of measured values to achieve
a satisfactory correspondence between field-measurements and model-simulations of water
content (Table 3.1). Soil properties were calibrated layer by layer until the best-simulated
soil water content was obtained for each layer.
During the calibration of the soil nutrient module, the initial values of slow,
medium, and fast soil humus pools; fast and slow soil residue pools; and the three microbial
pools: aerobic heterotrophs, autotrophs, and anaerobic heterotrophs were set up. Fieldmeasured values of soil organic-matter content at each layer were used to estimate the
initial microorganism pools based upon the conversion factors (Cameira et al., 2007; Hu et
al., 2006; Saseendran et al., 2004; Shaffer et al., 2001). Model developers recommended
to partition the soil-organic-carbon at each layer between the fast/ intermediate soil humus
pools and slow soil humus pool; 5 – 40 % for the fast pools and 60 – 95 % for the stable
pool. In our particular case, after many trials and errors with different initial partitions of
soil-organic-carbon among pools, the best correspondence between field-measurements
and model-simulations of soil and crop nitrogen and crop growth was achieved when the
differences between all pools were minimized. To obtain a stabilized fraction of the
organic-matter pools and microorganism pools a ten year simulation was performed.
For the generic crop growth module, the planted cultivar (990003 WINTER-US)
was used, and its specific development parameters were adjusted to ensure proper wheat
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yield, leaf area index, and above ground biomass simulations (Table 3.3) (Hanson, 2000).
This adjustment was performed through successive runs of the model, for the high-N
treatment. As the calibration of crop growth and development parameters is critical for the
water and nutrient balance (Kumar et al., 1999), crop parameters were iteratively calibrated
to have a satisfactory match between field-measured and model-simulated values of crop
growth, soil water dynamics, and crop evapotranspiration.

Table 3.3 Default and calibrated crop parameters for wheat.

After the separate calibration of each model component, the simulated results of all
components were checked and, if necessary, calibration was reiterated until obtaining more
accurate model simulations; where the low values of RMSE, NRMSE, and E% were the
criteria for accepting the model performance and simulations accuracy (Fang et al., 2008;
Saseendran et al., 2014b). The calibrated model was used for simulating the effects of
different nitrogen rates on soil water dynamics, crop evapotranspiration, and crop growth
under four rainfall scenarios with 100%, 125%, 75%, and 50% of the rainfall.
Three statistical criteria were used for the comparison between the simulations and
measurements: (i) Root Mean Squared Error (RMSE); (ii) Mean Bias Error (MBE); and
(iii) Normalized Root Mean Square Errors (NRMSE).

69

𝑛

1
𝑅𝑀𝑆𝐸 = √ ∑(𝑃𝑖 − 𝑂𝑖)2
𝑛

(𝑒𝑞 3.8)

𝑖=1

𝑀𝐵𝐸 =

1
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𝑛

𝑁𝑅𝑀𝑆𝐸 =

(𝑒𝑞 3.9)

𝑅𝑀𝑆𝐸
𝑂𝑎𝑣𝑔

(𝑒𝑞 3.10)

where Oi is the measured value, Pi is the simulated value, Oavg is the mean of the measured
values, and n is the number of data pairs. RMSE reflects a magnitude of the mean difference
between measured and simulated results. The MBE indicates a systematic positive or
negative bias in the model simulations. NRMSE indicates the goodness of the model. A
perfect match between experimental and simulation results would yielded an NRMSE = 0
(Ahuja and Ma 2002).

3.5 Results and Discussions:
As the RZWQM2 has been shown to be a good model for presenting soil water
dynamics and crop evapotranspiration with a high temporal resolution (Anapalli et al.,
2016a; Cameira et al., 2005; Ma et al., 2017; Malone et al., 2007), it has been chosen to
study the effect of applied N fertilizer on soil water dynamics and ETc under different
rainfall amounts. The RZWQM2 model reflected the impact of nitrogen application rates
on the daily soil water dynamics, crop evapotranspiration, and crop growth under different
N rates. When the first application (35 kg N ha-1) was added to plots of High-N and LowN treatments on day 132 of the growing season, the model simulations of High-N and LowN were differentiated from the simulations of Zero-N treatment. Also, when the second
application was added on day148 of the growing season, the High-N simulation results
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differed from the Low-N simulations because 95 kg N ha-1 was applied to the High-N
treatment, whereas only 35 kg N ha-1 was applied to the Low-N treatment.
As the purpose was to explore the impacts of applying N rate on the soil water
dynamics and ETc, we will briefly refer to the RMSE, MBE, and NRMSE values to give
an idea about the model accuracy during the simulations of this study.
Soil water content at different soil profile depths was simulated under different N
rates and rainfall scenarios. Under the normal rainfall scenario (100% rainfall), it was
simulated with RMSE of 0.05, 0.04, and 0.03 for the High-N, Low-N, and Zero-N,
respectively, and the NRMSE was 0.19, 0.15, and 0.13 for the same N rates, respectively
(Fig. 3.2-a). Generally, the RMSE, MBE, and NRMSE values were decreased with
increasing the depth. These results are statistically comparable to those found in other
studies of Saseendran et al. (2014) under different N treatments and Yu et al. (2006) using
two generic modules of RZWQM.
Under the 100% and 125% rainfall scenario, the highest SWC was simulated under
High-N rate at all soil depths, while the Zero-N rate presented the lowest SWC which may
be due to the effect of the crop evapotranspiration (Fig. 3.2 & 3.3). The differences between
simulated SWC of N rates were decreased with increasing the soil depth. On the other hand,
under the 75% and 50% scenarios, there was no effect of the N rates on the SWC at all soil
depths probably due to the soil water availability and its movement as well as the water
stress (Fig 3.4). In the figure 3.4, all N rates were overlapped for 50% and 75% rainfall
scenarios.
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Figure 3.2. Model-simulated vs. field-measured soil water content with time in different
soil layers for the High-N, Low-N, and Zero-N rates under the 100% rainfall.
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Figure 3.2. Cont’d.
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Figure 3.3. Model-simulated soil water content with time in different soil layers for the
High-N, Low-N, and Zero-N rates under the 125% rainfall.
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Figure 3.3. Cont’d.
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Figure 3.4. Model-simulated soil water content with time in different soil layers under the
50% and 75% rainfall; All N rates were overlapped for 50% and 75% rainfall scenarios.

76

Figure 3.4. Cont’d.
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The measured soil water flux for the days with measurements of SWC and
simulated SWF across the 90 cm plane of the root zone for all N rates and under different
rainfall scenarios are presented in Figure 3.5. Under the 100% rainfall scenario, the model
produced reasonable results of SWF through the bottom boundary with RMSE of 1.06,
0.96, and 1.08 mm/day for the High-N, Low-N, and Zero-N, respectively (Fig. 3.5-a),
which is within the range stated in Ma et al. (2008). Under the 100% and 125% rainfall
scenarios, the High-N rate yielded the highest SWF out of the root zone, while the lowest
SWF out of the root zone was under the effect of the Zero-N rate (Fig. 3.5-a&b). However,
all the N rates presented similar SWF under the 75% and 50% rainfall scenarios (Fig. 3.5c&d). When the amount of the rainfall was increased from 100% to 125%, the SWC was
unchanged at all soil depths due to the limitation of the soil water holding capacity. While,
the SWF out of the root zone was clearly increased with increasing the amount of the
rainfall. However, SWC and SWF were decreased with decreasing the rainfall to 75% and
50%.

78

Figure 3.5. Soil water flux across the 90-cm plane of the root zone for High-N, Low-N,
and Zero-N rates under the: (a) 100% rainfall, (b) 125% rainfall, (c) 75% rainfall, and (d)
50% rainfall; All N rates were overlapped for 50% and 75% rainfall scenarios.

As it is used to partition ETc between crop transpiration and soil evaporation (Ma
et al., 1999), leaf area index is one of the most critical crop growth parameters. Simulated
LAI directly impacts the simulated evapotranspiration, and therefore, it influences the soil
water dynamics. Figure 3.6-a shows the RMSE values under the 100% rainfall scenario
which were 0.42, 0.32, and 0.53 mm/day for the High-N, Low-N, and Zero-N, respectively,
which is lower than RMSE values reported by Anapalli et al. (2016a). As expected, the
High-N rate shows higher LAI values than the other N rates under the 100%, 125%, and
75% rainfall scenarios (Fig. 3.6-a, b, & c). However, under the 50% rainfall scenario, there
was no impact of the N rates on the crop growth, and the LAI values were almost identical
for all N rates due to the water stress that appeared under the drought conditions (Fig. 3.6-
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d). The 75% rainfall scenario produced higher LAI values for the High-N and Low-N rates
than the other rainfall scenarios. However, the 50% rainfall scenario presented higher LAI
values for the Zero-N rate than the other rainfall scenarios. The reason behind that could
be the influence of the SWF which was higher under the 100% and 125% rainfall scenarios
than the others. When the SWF out of the root zone increases, the lost mineral-N out of the
root zone increases as well, whereas the N-uptake decreases which affects the crop growth.

Figure 3.6. Leaf area index for High-N, Low-N, and Zero-N rates under the: (a) 100%
rainfall, (b) 125% rainfall, (c) 75% rainfall and (d) 50% rainfall.

Daily average actual crop evapotranspiration was calculated over about a 7-day
period using the soil water balance method (SWB). The model results in satisfactory values
of RMSE, MBE, and NRMSE for all N rates under the 100% rainfall scenario (Fig. 3.7).
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With RMSE of 1.23, 1.43, and 1.60 mm/day, the ETc was simulated for High-N, Low-N,
and Zero-N, respectively. Statistically, ET simulations for all N rates were comparable to
Anapalli et al. (2016a) and Cameira et al. (2005) findings. Zero-N rate produced the highest
simulated ETc for the period of 156-215 day after the sowing; however, it produced the
lowest simulated ETc for the rest of the wheat growing season due to the influence of
simulated LAI (Fig. 3.7).

Figure 3.7. Simulated vs. field-measured actual crop evapotranspiration for: High-N, LowN, and Zero-N rates under the 100% rainfall.

Figures 3.8-a & b show a comparison of simulated cumulative actual crop
transpiration, actual soil evaporation, and actual crop evapotranspiration among the HighN, Low-N, and Zero-N rates under 100% and 125% rainfall scenarios. As expected, the
highest cumulative simulated crop transpiration was presented under High-N rates, while
Zero-N rate presented lower simulated crop transpiration than the other N rates because the

81

simulated LAI of the Zero-N rates did not reach values of 3. As mentioned by Ham and
Heilman (1991), Monteith et al. (1965), and Szeicz and Long (1969), most crop leaves
contribute to crop transpiration when LAI is less than 3. However, the transpiration does
not reach the maximum amount until LAI becomes 3 or more. That means the leaf area
index becomes a non-limiting factor for evapotranspiration when it has a value of 3 or
larger, and crops with a LAI of 3 or larger will have the same evapotranspiration rate if soil
water is not limiting (Farahani and Bausch, 1994; Kang et al., 2003; Kristensen, 1974).
Simulated soil evaporation under Zero-N rates was higher than the other rates, particularly
under the 125% rainfall, due to the soil ability to evaporate all the abundant soil water. This
might explain why cumulative ETc was higher for the Zero-N than the other rates.
Figure 3.8-c shows simulated crop transpiration, soil evaporation, and
evapotranspiration under 75% rainfall. Under the 75% rainfall scenario, the High-N and
Low-N showed similar values of the crop transpiration as well as similar values of the soil
evaporation. However, crop transpiration and soil evaporation values of the Zero-N rates
were differentiated from the other N rates. The ETc values were similar for all N rates.
From the results of the 100%, 125%, and 75% scenarios, we conclude that under high
rainfall amounts, the soil evaporated higher amounts of water which made the ETc of the
low crop cover higher than ETc of the high crop cover.
Figure 3.8-d shows crop transpiration, soil evaporation, and evapotranspiration
under the 50% rainfall scenario. In this scenario, all N rates produced similar values for
crop transpiration, soil evaporation, and evapotranspiration due to drought conditions
which limited the LAI to less than 3 for all N rates.
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Figure 3.8. Cumulated actual transpiration, evaporation, and evapotranspiration (mm) for
High-N, Low-N, and Zero-N rates under the: (a) 100% rainfall, (b) 125% rainfall, (c) 75%
rainfall and (d) 50% rainfall.

It was expected that ETc would be higher for the High-N rate than the other N rates,
at least under one of the rainfall scenarios, but in all rainfall scenarios, the ETc of the HighN rate was lower or equal to the other N rates which raises the question of: “Is it realistic”
though, for ETc of a crop that exhibits a large LAI be less than or equal to that of a crop
that exhibits a small LAI, regardless of rainfall amount? In other words, the ETc values
under high LAI are lower or equal to the ETc values under low LAI for both abundant and
deficit rainfall?
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3.6 Conclusions:
The RZWQM2 model was used to quantify the effect of N application rate on soil
water dynamics and ETc behavior of rainfed winter wheat under different rainfall
scenarios. The model was calibrated using the High-N rate due to the necessity of the model
calibration for each field in order for the model to predict water/nitrogen dynamics and
crop growth with adequate accuracy. The results indicate that the model performed
satisfactorily in simulating the impacts of N rate and rainfall on the daily wheat ETc, SWC,
SWF, and LAI. N Application rate showed a noticeable influence on the simulated soil
water dynamics and crop evapotranspiration. Furthermore, this influence was
differentiated based on the rainfall. Under the 100% and 125% rainfall scenarios, simulated
SWC, SWF, and LAI increased with increasing N rate, while ETc decreased by increasing
N rate. Simulated crop transpiration increased with increasing N rate, whereas soil
evaporation increased with decreasing N rate. Moreover, the increase in simulated soil
evaporation was higher than the increase of the simulated crop transpiration which yielded
a higher simulated ETc for the Zero-N rate than the other N rates. However, under the 75%
and 50% rainfall scenarios, all N rates presented similar results of SWC, SWF, and ETc.
Increasing the rainfall amount from 100% to 125% presented similar SWC, while SWF
increased by increasing rainfall amount due to the effect of the soil water holding capacity.
When the rainfall amount fell below 100%, the SWC, SWF, ETc, and LAI values also
decreased, except the LAI under Zero-N rate was increased.
The results of this study not only provide indications for using the RZWQM2 as an
agricultural management tool but also show the applicability of the RZWQM2 for
improving the scientific understanding of the interaction between N rate and water
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dynamics in the field. Similar testing across diverse crops, soils, and rainfall conditions
could be a critical need in the future to build more confidence in our results. Also, the use
of weighing lysimeters under similar test conditions could be a good method to improve
the understanding of the interaction between N application rate and ETc behavior.
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Chapter 4 Conclusions:
Agriculture management is necessary for maintaining food sustainability to account
for the rapidly growing world population. It is well known that utilizing a good agriculture
management system is the best method to improve crop production. However, this system
requires the integration of all components of the soil, crop, environment, and atmosphere,
which is not possible in the field. Therefore, using agricultural system models is the best
way for obtaining an integrated agriculture management system. Models are critical tools
with capability of combining many complex processes of soil, crop, environment, and
atmosphere to estimate water/nutrient dynamics and crop development at a high temporal
resolution. The RZWQM2 is one of the most widely used agriculture system models for
agriculture management and scientific purposes. However, sometimes it is not able to
obtain an acceptable agreement between field-measured and model-simulated results
which is probably due to the inaccuracy of model inputs.
The objectives of this study were to (i) investigate the effect of using measured soil
hydraulic properties as RZWQM2 input without calibration compared to calibrated input
parameters; (ii) explore the capability of calibrating measured soil hydraulic property input
parameters for one crop and using them for other crops without further calibration; and (iii)
study the effect of the nitrogen application rate on the behavior of soil water dynamics and
crop evapotranspiration under different rainfall amounts using RZWQM2. Field
experiments with different field conditions and crops were performed to collect field data
for calibrating and validating the model as well as for understanding the interactions
between nitrogen regimes and water dynamics.
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The effect of using measured and estimated soil hydraulic properties as model
inputs on model simulations was studied using an experiment with soybean, corn, and
fallow soil to build five model scenarios of modeling soil hydraulic property input
parameters (Chapter 2, Section 1). The results showed that soil hydraulic property inputs,
particularly 𝜃 values at 0.3 and 15 bar presented a strong effect on simulated water content
and crop growth. While, the water flux was much more affected by the inputs of saturated
soil hydraulic conductivity and bulk density than the 𝜃 inputs. Water stress at any time
during the growing season showed strong effects on the crop development and
evapotranspiration. Additionally, the uncalibrated measured soil hydraulic property inputs
produce the best simulations with regard to SWF, ETc, and yield for soybean which
indicated the capability of building a RZWQM2 model that produces meaningful outputs
even without calibration.
The capability of calibrating measured soil hydraulic property input parameters for
one crop and using them for the other crops without further calibration was explored under
field conditions with soybean, corn, wheat, and fallow soil (Chapter 2, Section 2).
Measured soil hydraulic property input parameters were calibrated for each of soybean,
corn, and fallow soil, and then they were used under wheat crop for evaluation. All
scenarios of calibrating measured soil hydraulic property input parameters yielded
acceptable simulations of daily crop evapotranspiration, soil water dynamics, crop growth
and yield, and soil/crop nitrogen during the validation phase under the wheat crop. That
indicates the capability of calibrating soil hydraulic property inputs for only one time at
each field regardless of the crop type.
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In chapter 3, a study is described in which three nitrogen application rates were
applied to the wheat crop, and four scenarios of rainfall were created to study the effect of
the nitrogen application rate on the behavior of soil water dynamics and crop
evapotranspiration under different rainfall amounts. The results indicate that, under the
100% and 125% rainfall scenarios, the Zero-N rate showed the highest simulated daily
evapotranspiration, while it showed the lowest simulated daily soil water content and soil
water flux. However, all nitrogen rates yielded similar results of daily soil water content,
soil water flux, and crop evapotranspiration under the 75% and 50% rainfall scenarios. Soil
water content was not changed when the rainfall increased from 100% to 125%, while the
soil water flux was increased. On the other hand, all model simulations of water dynamics
and leaf area index were decreased with decreasing the rainfall below 100% except the
crop leaf area index for Zero-N rate was increased with decreasing the rainfall amount.
Hence, nitrogen application rate has a noticeable impact on the soil water dynamics, crop
evapotranspiration behavior, and crop growth, but this impact depends on the amount of
received rainfall.
These findings have implications on model development, specifically in
determining suitable calibration for the soil part of the RZWQM2 model. The study
highlighted the effects of measured soil hydraulic properties as related to model
simulations as well as the impacts of the nitrogen application rates on the water status.
Further studies under other conditions (including different soils, crops, and weather) would
be useful to obtain broader results for the impacts of measured soil hydraulic properties on
integrated model outputs. Also, a similar study of using weighing lysimeters and
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RZWQM2 would be a good method for exploring the impacts of the nitrogen application
rates on the behavior of the soil water dynamics and crop evapotranspiration components.
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Appendix:
Appendix 1.
Model Scenario
Scenario Description
UCM
The arithmetic means of measured hydraulic parameters
CCM
FCM
CCP
FCP
WC
SC
FC
CC

Calibrating measured hydraulic parameters, for corn crop
Calibrating measured hydraulic parameters, for fallow soil
Calibrating soil hydraulic parameters, derived from soil texture, for corn crop
Calibrating soil hydraulic parameters, derived from soil texture, for fallow soil
Calibrating measured hydraulic parameters for wheat crop
Calibrating measured hydraulic parameters for soybean crop
Calibrating measured hydraulic parameters for fallow soil
Calibrating measured hydraulic parameters for corn crop

90

References
Ahuja, L. and L. Ma. 2002. Parameterization of Agricultural System Models: Current
Approaches and Future Needs. Agricultural System Models in Field Research and
Technology Transfer, Lewis Publishers, Boca Raton, FL.
Ahuja, L., K. Rojas, J. Hanson, M. Shaffer and L. Ma. 2000. Root Zone Water Quality
Model: Modeling Management Effects on Water Quality and Crop Production.
Water Resources Publ., LLC, Highland Ranch, CO. 372 pp.
Allen, R.G., L.S. Pereira, D. Raes and M. Smith. 1998. Crop EvapotranspirationGuidelines for Computing Crop Water Requirements-Fao Irrigation and Drainage
Paper 56. FAO, Rome 300: D05109.
Allen, R.G., L.S. Pereira, T.A. Howell and M.E. Jensen. 2011. Evapotranspiration
Information Reporting: I. Factors Governing Measurement Accuracy. Agricultural
Water Management 98: 899-920.
Alves, I. and d.R.C. Maria. 2002. Evapotranspiration Estimation Performance of Root
Zone Water Quality Model: Evaluation and Improvement. Agricultural Water
Management 57: 61-73.
Anapalli, S.S., L.R. Ahuja, P.H. Gowda, L. Ma, G. Marek, S.R. Evett, and T. A. Howell.
2016a. Simulation of Crop Evapotranspiration and Crop Coefficients with Data in
Weighing Lysimeters. Agricultural Water Management 177: 274-283.
Anapalli, S.S., W.T. Pettigrew, K.N. Reddy, L. Ma, D.K. Fisher and R. Sui. 2016b.
Climate-Optimized Planting Windows for Cotton in The Lower Mississippi Delta
Region. Agronomy 6: 46.

91

Angulo, C., R. Rötter, R. Lock, A. Enders, S. Fronzek and F. Ewert. 2013. Implication of
Crop Model Calibration Strategies for Assessing Regional Impacts of Climate
Change in Europe. Agricultural and Forest Meteorology 170: 32-46.
Basche, A., and M. DeLonge. 2017. The Impact of Continuous Living Cover on Soil
Hydrologic Properties: a Meta-Analysis. Soil Science Society of America
Journal, 81(5), pp.1179-1190.
Berger, T., 2001. Agent-Based Spatial Models Applied to Agriculture: A Simulation Tool
for

Technology

Diffusion,

Resource

Use

Changes

and

Policy

Analysis. Agricultural Economics, 25(2-3), pp.245-260.
Berliner, P., P. Barak and Y. Chen. 1980. An Improved Procedure for Measuring Water
Retention Curves at Low Suction by The Hanging-Water-Column Method.
Canadian Journal of Soil Science 60: 591-594.
Blake, G.R. 1965. Bulk density. Methods of Soil Analysis. Part 1. Physical and
Mineralogical Properties, Including Statistics of Measurement and Sampling: 374390. Edited by C. A. Black et al., pp. 374-390, Am. Soc. of Agron., Madison, Wis.
Boote, K.J., J.W. Jones and N.B. Pickering. 1996. Potential Uses and Limitations of Crop
Models. Agronomy Journal 88: 704-716.
Brooks, R. and T. Corey. 1964. Hydraulic Properties of Porous Media. Hydrology Papers,
Colorado State University.
Brouwer, R. and C. De Wit. 1968. A Simulation Model of Plant Growth with Special
Attention to Root Growth and Its Consequences. 224–244. In W.J. Whittington
(ed.) Root Growth. Proc. 15th Easter School in Agric. Sci. Butterworths, London.

92

Cameira, M. R., P. L. Sousa, H. J. Farahani, L. R. Ahuja, and L. S. Pereira. 1998.
Evaluation of the RZWQM for the Simulation of Water and Nitrate Movement in
Level-Basin,

Fertigated

Maize. Journal

of

Agricultural

Engineering

Research 69(4): 331-341.
Cameira, M., R. Fernando, L. Ahuja and L. Ma. 2007. Using RZWQM to Simulate the Fate
of Nitrogen in Field Soil–Crop Environment in the Mediterranean Region.
Agricultural Water Management 90: 121-136.
Cameira, M., R. Fernando, L. Ahuja and L. Pereira. 2005. Simulating the Fate of Water in
Field Soil–Crop Environment. Journal of hydrology 315: 1-24.
Camillo, P.J. and R.J. Gurney. 1986. A Resistance Parameter for Bare-Soil Evaporation
Models. Soil Science 141: 95-105.
Cerrato, M. and A. Blackmer. 1990. Comparison of Models for Describing; Corn Yield
Response to Nitrogen Fertilizer. Agronomy Journal 82: 138-143.
Challinor, A.J., F. Ewert, S. Arnold, E. Simelton and E. Fraser. 2009. Crops and Climate
Change: Progress, Trends, and Challenges in Simulating Impacts and Informing
Adaptation. Journal of Experimental Botany 60: 2775-2789.
Chaney, A.L. and E.P., Marbach. 1962. Modified Reagents for Determination of Urea and
Ammonia. Clinical Chemistry, 8(2), pp.130-132.
Crutchfield, J.D. and J.H. Grove. 2011. A New Cadmium Reduction Device for the
Microplate Determination of Nitrate in Water, Soil, Plant Tissue, and Physiological
Fluids. Journal of AOAC International, 94(6), pp.1896-1905.

93

Djaman, K. and S. Irmak. 2013. Actual Crop Evapotranspiration and Alfalfa-and GrassReference Crop Coefficients of Maize under Full and Limited Irrigation and
Rainfed Conditions. Journal of Irrigation and Drainage Engineering. ASCE: 433.
Dolan, M., C. Clapp, R. Allmaras, J. Baker and J. Molina. 2006. Soil Organic Carbon and
Nitrogen in a Minnesota Soil as Related to Tillage, Residue and Nitrogen
Management. Soil and Tillage Research 89: 221-231.
Du, X., H. Feng, M.J. Helmers and Z. Qi. 2017. Comparing Simulated Nitrate‐Nitrogen
Concentration In Subsurface Drainage Using Drainmod‐N II and RZWQM2.
Irrigation and Drainage 66: 238-251.
Fang, Q., L. Ma, Q. Yu, R. Malone, S. Saseendran and L. Ahuja. 2008. Modeling Nitrogen
and Water Management Effects in a Wheat-Maize Double-Cropping System.
Journal of Environmental Quality 37: 2232-2242.
Fang, Q.X., L. Ma, D.C. Nielsen, T.J. Trout, and L.R. Ahuja. 2014a. Quantifying Corn
Yield and Water Use Efficiency under Growth Stage–Based Deficit Irrigation
Conditions In: L.R. Ahuja, L. Ma, and R.J. Lascano. Practical Applications of
Agricultural System Models to Optimize the Use of Limited Water. Adv. Agric.
Systems Model. 5. ASA, SSSA, CSSA, Madison, WI. p. 1–24.
Fang, Q.X., L. Ma, G.N. Flerchinger, Z. Qi, L.R. Ahuja, H.T. Xing, J. Li, and Q. Yu. 2014b.
Modeling Evapotranspiration and Energy Balance in a Wheat–Maize Cropping
System Using the Revised RZ-SHAW Model. Agricultural and Forest
Meteorology, 194, pp.218-229.

94

Fang, Q.X., T.R. Green, L. Ma, R.H. Erskine, R.W. Malone, and L.R. Ahuja. 2010.
Optimizing Soil Hydraulic Parameters in RZWQM2 under Fallow Conditions. Soil
Science Society of America Journal, 74(6), pp.1897-1913.
Farahani, H. and D. DeCoursey. 2000. Potential Evaporation and Transpiration Processes
in the Soil-Residue-Canopy System. In: Ahuja, L., Rojas, K., Hanson, J., Shaffer,
M., Ma, M. (Eds.), RZWQM, Modeling Management Effects on Water Quality and
Crop Production. Water Resources Publications, Llc, Co, USA,. p. 51-75.
Farahani, H. and L. Ahuja. 1996. Evapotranspiration Modeling of Partial Canopy/ResidueCovered Fields. Transactions of the ASAE 39: 2051-2064.
Farahani, H. and W. Bausch. 1994. Seasonal Application of Physical Evapotranspiration
Models: Resistance Estimation. American Society of Agricultural Engineers.
Meeting (USA).
Farahani, H.J., G.W. Buchleiter, L.R. Ahuja, G.A. Peterson and L.A. Sherrod. 1999.
Seasonal Evaluation of the Root Zone Water Quality Model in Colorado.
Agronomy Journal 91: 212-219.
Food and Agriculture Organization of the United Nations (FAO). 2017. The Future of Food
and Agriculture. Trends and Challenges. FAO, Rome, Italy.
Fraisse, C., N. Perez and J. Andreis. 2015. Smart Strawberry Advisory System for Mobile
Devices. EDIS Publication AE516, UF/IFAS Extension https://edis. ifas. ufl.
edu/pdffiles/AE/AE51600. pdf.
Frimpong, J.O., M.Q. Addy, E.O. Ayeh, H.M. Amoatey, J.T. Kutufam, B. Quaye, J.O.
Sintim and D.K. Asare. 2012. Field Assessment of Soil Water Storage and Actual

95

Evapotranspiration of Rainfed Maize (Zea Mays L.) Genotypes in a Coastal
Savannah Environment. Open J. Soil Sci. 2, 213–222.
Gee, G.W. and J.W Bauder. 1986. Particle-Size Analysis. In Klute, A. (ed) Methods of Soil
Analysis, Part 1. Physical and Mineralogical Methods—Agronomy Monograph
No. 9, 2nd edn, pp. 383–411, Amer. Soc. of Agronomy, Soil Sci. Soc. of America,
Madison, WI.
Gee, G.W., M.D. Campbell, G.S. Campbell, and J.H. Campbell. 1992. Rapid Measurement
of Low Soil Water Potentials Using a Water Activity Meter. Soil Science Society
of America 56:4 1086-1070.
Gijsman, A.J., S.S. Jagtap, and J.W. Jones. 2002. Wading Through a Swamp of Complete
Confusion: How to Choose a Method for Estimating Soil Water Retention
Parameters for Crop Models. European Journal of Agronomy, 18(1-2), pp.77-106.
Gribb, M.M., I. Forkutsa, A. Hansen, D.G. Chandler, and J.P. McNamara. 2009. The Effect
of

Various

Soil

Hydraulic

Property

Estimates

on

Soil

Moisture

Simulations. Vadose Zone Journal, 8(2), pp.321-331.
Hallberg, G.R. 1986. From Hoes to Herbicides Agriculture and Groundwater Quality.
Journal of Soil and Water Conservation 41: 357-364.
Halvorson, A.D., S.J. Del Grosso and C.A. Reule. 2008. Nitrogen, Tillage, and Crop
Rotation Effects on Nitrous Oxide Emissions from Irrigated Cropping Systems.
Journal of Environmental Quality 37: 1337-1344.
Ham, J. and J. Heilman. 1991. Aerodynamic and Surface Resistances Affecting Energy
Transport in a Sparse Crop. Agricultural and Forest Meteorology 53: 267-284.

96

Hanson, J. 2000. Generic Crop Production Model for the Root Zone Water Quality Model.
The Root Zone Water Quality Model. Water Resource Publishing, Highland Ranch,
Colorado.
Hanson, J., L. Ahuja, M. Shaffer, K. Rojas, D. DeCoursey, H. Farahani, K. Johnson and
R.D. Team. 1998. RZWQM: Simulating the Effects of Management on Water
Quality and Crop Production. Agricultural Systems 57: 161-195.
Hanson, J.D., K. Rojas and M.J. Shaffer. 1999. Calibrating the Root Zone Water Quality
Model. Agronomy Journal 91: 171-177.
He, D., E. Wang, J. Wang, M. and Robertson. 2017. Data Requirement for Effective
Calibration

of

Process-Based

Crop

Models. Agricultural

and

Forest

Meteorology, 234, pp.136-148.
Hodnett, M.G. and J. Tomasella. 2002. Marked Differences Between Van Genuchten Soil
Water-Retention Parameters for Temperate and Tropical Soils: A New WaterRetention

Pedo-Transfer

Functions

Developed

for

Tropical

Soils. Geoderma, 108(3-4), pp.155-180.
Hu, C., S. Saseendran, T. Green, L. Ma, X. Li and L. Ahuja. 2006. Evaluating Nitrogen
and Water Management in a Double-Cropping System Using RZWQN. Vadose
Zone Journal 5: 493-505.
Hupet, F., J.C. Van Dam, and M. Vanclooster. 2004. Impact of Within-Field Variability in
Soil Hydraulic Properties on Transpiration Fluxes and Crop Yields. Vadose Zone
Journal, 3(4), pp.1367-1379.

97

Irmak, S., E. Istanbulluoglu and A. Irmak. 2008. An Evaluation of Evapotranspiration
Model Complexity against Performance in Comparison with Bowen Ratio Energy
Balance Measurements. Transactions of the ASABE 51: 1295-1310.
Islam, A., L.R. Ahuja, L.A. Garcia, L. Ma, A.S. Saseendran and T.J. Trout. 2012. Modeling
the Impacts of Climate Change on Irrigated Corn Production in the Central Great
Plains. Agricultural Water Management 110: 94-108.
Jagtap, S.S. and J.W. Jones. 2002. Adaptation and Evaluation of the CROPGRO-Soybean
Model to Predict Regional Yield and Production. Agriculture, Ecosystems &
Environment 93: 73-85.
Jones, J., J. Antle, B. Basso, K. Boote, R. Conant, I. Foster, H. Godfray, M. Herrero, R.
Howitt, S. Janssen, B. and Keating. 2017a. Toward a New Generation of
Agricultural System Data, Models, and Knowledge Products: State of Agricultural
Systems Science. Agricultural Systems, 155, pp.269-288.
Jones, J., J. Antle, B. Basso, K. Boote, R. Conant, I. Foster, H. Godfray, M. Herrero, R.
Howitt, S. Janssen, and B. Keating. 2017b. Brief History of Agricultural Systems
Modeling. Agricultural Systems, 155, pp.240-254.
Jones, J.W., G. Hoogenboom, C.H. Porter, K.J. Boote, W.D. Batchelor, L. Hunt, P.W.
Wilkens, U. Singh, A.J. Gijsman and J.T. Ritchie. 2003. The Dssat Cropping
System Model. European Journal of Agronomy 18: 235-265.
Kang, S., B. Gu, T. Du and J. Zhang. 2003. Crop Coefficient and Ratio of Transpiration to
Evapotranspiration of Winter Wheat and Maize in a Semi-Humid Region.
Agricultural Water Management 59: 239-254.

98

Kaur, R., S. Kumar, and H.P. Gurung. 2002. A pedo-Ttransfer Function (PTF) for
Estimating Soil Bulk Density from Basic Soil Data and its Comparison with
Existing PTFs. Soil Research, 40(5), pp.847-858.
Kengni, L., G. Vachaud, J. Thony, R. Laty, B. Garino, H. Casabianca, P. Jame and R.
Viscogliosi. 1994. Field Measurements of Water and Nitrogen Losses under
Irrigated Maize. Journal of Hydrology 162: 23-46.
Kersebaum, K., K. Boote, J. Jorgenson, C. Nendel, M. Bindi, C. Frühauf, T. Gaiser, G.
Hoogenboom, C. Kollas, J. Olesen, R. and Rötter. 2015. Analysis and
Classification of Data Sets for Calibration and Validation of Agro-Ecosystem
Models. Environmental Modelling & Software, 72, pp.402-417.
Klute, A. 1986. Water Retention: Laboratory Methods. 2nd edn. In: Klute A (ed) Methods
of Soil Analysis, Part 1. American Society of Agronomy, Soil Science Society of
America, Madison, Wis, pp 635–662.
Kozak, J.A., L. Ma, L.R. Ahuja, G. Flerchinger and D.C. Nielsen. 2006. Evaluating
Various Water Stress Calculations in RZWQM and RZ-SHAW for Corn and
Soybean Production. Agronomy Journal 98: 1146-1155.
Kribaa, M., V. Hallaire, P. Curmi, and R. Lahmar. 2001. Effect of Various Cultivation
Methods on the Structure and Hydraulic Properties of a Soil in a Semi-Arid
Climate. Soil Tillage Res. 60:43–53.
Kristensen, K. 1974. Actual Evapotranspiration in Relation to Leaf Area. Hydrology
Research 5: 173-182.

99

Kumar, A., R.S. Kanwar, P. Singh and L.R. Ahuja. 1999. Evaluation of the Root Zone
Water Quality Model for Predicting Water and No 3–N Movement in an Iowa Soil.
Soil and Tillage Research 50: 223-236.
Landa, F.M., N.R. Fausey, S.E. Nokes and J.D. Hanson. 1999. Plant Production Model
Evaluation for the Root Zone Water Quality Model (RZWQM 3.2) in Ohio.
Agronomy Journal 91: 220-227.
Lin, B.B. 2011. Resilience in Agriculture through Crop Diversification: Adaptive
Management for Environmental Change. BioScience 61: 183-193.
López-Bellido, L., López-Bellido, R.J. and Redondo, R., 2005. Nitrogen Efficiency in
Wheat Under Rainfed Mediterranean Conditions as Affected by Split Nitrogen
Application. Field Crops Research, 94(1), pp.86-97.
Ma, L. and H. Selim. 1996. Physical Nonequilibrium Modeling Approaches to Solute
Transport in Soils. Advances in Agronomy 58: 95-150.
Ma, L., L. R. Ahuja, S. A. Saseendran, R. W. Malone, T. R. Green, B. T. Nolan, P. N. S.
Bartling, G. N. Flerchinger, K. J. Boote, and G. Hoogenboom. 2011. A Protocol for
Parameterization and Calibration of RZWQM2 in Field Research. In: Ahuja, L.R.,
Ma, L. (Eds.), Methods of Introducing System Models into Agricultural Research.
SSSA Book Series, Madison, WI, pp. 1–64.
Ma, L., D.C. Nielsen, L.R. Ahuja, R.W. Malone, S.A. Saseendran, K.W. Rojas, J.D.
Hanson, and J.G. Benjamin. 2003. Evaluation of RZWQM under Various Irrigation
Levels in Eastern Colorado. Transactions of the ASAE, 46(1) 39-49.

100

Ma, L., G. Hoogenboom, L. Ahuja, D. Nielsen and J. Ascough. 2005. Development and
Evaluation of the RZWQM-CROPGRO Hybrid Model for Soybean Production.
Agronomy Journal 97: 1172-1182.
Ma, L., G. Hoogenboom, S. Saseendran, P. Bartling, L.R. Ahuja and T.R. Green. 2009.
Effects of Estimating Soil Hydraulic Properties and Root Growth Factor on Soil
Water Balance and Crop Production. Agronomy Journal 101: 572-583.
Ma, L., G. N. Flerchinger, L. R. Ahuja, T. J. Sauer, J. H. Prueger, R. W. Malone, and J. L.
Hatfield. 2012a. Simulating the Surface Energy Balance in a Soybean Canopy with
the SHAW and RZ-SHAW Models. Transactions of the ASABE 55: 175-179.
Ma, L., J. Hook and R. Wauchope. 1999. Evapotranspiration Predictions: A Comparison
among Gleams, Opus, Przm-2, and RZWQM Models in a Humid and Thermic
Climate. Agricultural Systems 59: 41-55.
Ma, L., L. Ahuja and R. Malone. 2007a. Systems Modeling for Soil and Water Research
and Management: Current Status and Needs for the 21st Century. Transactions of
the ASABE 50: 1705-1713.
Ma, L., L. Ahuja, A. Islam, T. Trout, S. Saseendran and R. Malone. 2017. Modeling Yield
and Biomass Responses of Maize Cultivars to Climate Change under Full and
Deficit Irrigation. Agricultural Water Management 180: 88-98.
Ma, L., L. Ahuja, B. Nolan, R. Malone, T. Trout and Z. Qi. 2012b. Root Zone Water
Quality Model (RZWQM2): Model Use, Calibration, and Validation. Transactions
of the ASABE 55: 1425-1446.

101

Ma, L., R. Malone, D. Jaynes, K. Thorp and L. Ahuja. 2008. Simulated Effects of Nitrogen
Management and Soil Microbes on Soil Nitrogen Balance and Crop Production.
Soil Science Society of America Journal 72: 1594-1603.
Ma, L., R.W. Malone, P. Heilman, D.L. Karlen, R.S. Kanwar, C.A. Cambardella, S.A.
Saseendran, and L.R. Ahuja, 2007b. RZWQM Simulation of Long-Term Crop
Production, Water and Nitrogen Balances in Northeast Iowa. Geoderma 140: 247259.
Ma, L., T. Trout, L. Ahuja, W. Bausch, S. Saseendran, R. Malone, and D. Nielsen. 2012c.
Calibrating

RZWQM2

Model

for

Maize

Responses

to

Deficit

Irrigation. Agricultural Water Management, 103, pp.140-149.
Malone, R.W., L. Ma, P. Heilman, D.L. Karlen, R.S. Kanwar and J.L. Hatfield. 2007.
Simulated N Management Effects on Corn Yield and Tile-Drainage Nitrate Loss.
Geoderma 140: 272-283.
Marek, G.W., S.R. Evett, P.H. Gowda, T.A. Howell, K.S. Copeland and R.L. Baumhardt.
2014. Post-Processing Techniques for Reducing Errors in Weighing Lysimeter
Evapotranspiration (ET) Datasets. Transactions of the ASABE 57: 499-515.
Marjerison, R.D., J. Melkonian, J.L. Hutson, van H.M. Es, S. Sela, L.D. Geohring, and J.
Vetsch. 2016. Drainage and Nitrate Leaching from Artificially Drained Maize
Fields Simulated by the Precision Nitrogen Management model. Journal of
Environmental Quality, 45(6), pp.2044-2052.
McBratney, A.B., B. Minasny, and G. Tranter. 2011. Necessary Meta-Data for
Pedotransfer Functions. Geoderma, 160(3-4), pp.627-629.

102

McCrown, R., G. Hammer, J. Hargreaves, D. Holzworth and D. Freebairn. 1996. Apsim:
A Novel Software System for Model Development, Model Testing and Simulation
in Agricultural Systems Research. Agric syst 50: 255-271.
McCullough, D., M. Mihajlovic, A. Aguilera, M. Tollenaar and P. Girardin. 1994.
Influence of N Supply on Development and Dry Matter Accumulation of an Old
and a New Maize Hybrid. Canadian Journal of Plant Science 74: 471-477.
McNider, R.T., C. Handyside, K. Doty, W.L. Ellenburg, J.F. Cruise, J.R. Christy, D. Moss,
V. Sharda, G. Hoogenboom, and P. Caldwell. 2015. An Integrated Crop and
Hydrologic Modeling System to Estimate Hydrologic Impacts of Crop Irrigation
Demands. Environmental Modelling & Software, 72, pp.341-355.
Monteith, J., G. Szeicz and P. Waggoner. 1965. The Measurement and Control of Stomatal
Resistance in the Field. Journal of Applied Ecology: 345-355.
Monteith, J.L. 1965. Evaporation and Environment. Symp. Soc. Exp. Biol 19: 4.
Nelson, R., D. Holzworth, G. Hammer and P. Hayman. 2002. Infusing the Use of Seasonal
Climate Forecasting into Crop Management Practice in North East Australia Using
Discussion Support Software. Agricultural Systems 74: 393-414.
Nielsen, D. and A. Halvorson. 1991. Nitrogen Fertility Influence on Water Stress and Yield
of Winter Wheat. Agronomy Journal 83: 1065-1070.
Nielsen, D.C., L. Ma, L.R. Ahuja and G. Hoogenboom. 2002. Simulating Soybean Water
Stress Effects with RZWQM and CROPGRO Models. Agronomy Journal 94:
1234-1243.

103

Nimah, M. and R. Hanks. 1973. Model for Estimating Soil Water, Plant, and Atmospheric
Interrelations: I. Description and Sensitivity. Soil Science Society of America
Journal 37: 522-527.
Nolan, B.T., L.J. Puckett, L. Ma, C.T. Green, E.R. Bayless and R.W. Malone. 2010.
Predicting Unsaturated Zone Nitrogen Mass Balances in Agricultural Settings of
the United States. Journal of environmental quality 39: 1051-1065.
Novoa, R. and R. Loomis. 1981. Nitrogen and Plant Production. Plant and soil 58: 177204.
Okada, M., T. Iizumi, G. Sakurai, N. Hanasaki, T. Sakai, K. Okamoto, and M. Yokozawa.
2015. Modeling Irrigation‐Based Climate Change Adaptation in Agriculture:
Model Development and Evaluation in Northeast China. Journal of Advances in
Modeling Earth Systems, 7(3), pp.1409-1424.
Ortiz-Monasterio, R., K. Sayre, S. Rajaram and M. McMahon. 1997. Genetic Progress in
Wheat Yield and Nitrogen Use Efficiency under Four Nitrogen Rates. Crop science
37: 898-904.
Othmer, H., B. Diekkruger, and M. Kutilek. 1991. Bimodal Porosity and Unsaturated
Hydraulic Conductivity. Soil Science, 152(3), pp.139-150.
Portmann, F.T., S. Siebert and P. Döll. 2010. Mirca2000—Global Monthly Irrigated and
Rainfed Crop Areas around the Year 2000: A New High‐Resolution Data Set for
Agricultural and Hydrological Modeling. Global Biogeochemical Cycles 24.
Qi, Z., L. Ma, W.C. Bausch, T.J. Trout, L.R. Ahuja, G.N. Flerchinger, and Q. Fang. 2016.
Simulating Maize Production, Water and Surface Energy Balance, Canopy

104

Temperature, and Water Stress under Full and Deficit Irrigation. Transactions of
the ASABE, 59(2), pp.623-633.
Rathke, G.-W., O. Christen and W. Diepenbrock. 2005. Effects of Nitrogen Source and
Rate on Productivity and Quality of Winter Oilseed Rape (Brassica Napus L.)
Grown in Different Crop Rotations. Field Crops Research 94: 103-113.
Raun, W.R. and G.V. Johnson. 1999. Improving Nitrogen Use Efficiency for Cereal
Production. Agronomy Journal 91: 357-363.
Reynolds, W.D. and D.E. Elrick. 1986. A Method for Simultaneous In Situ Measurement
in the Vadose Zone of Field‐Saturated Hydraulic Conductivity, Sorptivity and the
Conductivity‐Pressure

Head

Relationship.

Groundwater

Monitoring

&

Remediation 6: 84-95.
Ritchie, J. and B. Johnson. 1990. Soil and Plant Factors Affecting Evaporation. Agronomy:
363-390.
Rosenzweig, C., J.W. Jones, J.L. Hatfield, A.C. Ruane, K.J. Boote, P. Thorburn, J.M.
Antle, G.C. Nelson, C. Porter and S. Janssen. 2013. The Agricultural Model
Intercomparison and Improvement Project (Agmip): Protocols and Pilot Studies.
Agricultural and Forest Meteorology 170: 166-182.
Rusan, M.J.M., S. Hinnawi and L. Rousan. 2007. Long Term Effect of Wastewater
Irrigation of Forage Crops on Soil and Plant Quality Parameters. Desalination 215:
143-152.
Saseendran, S., D. Nielsen, L. Ma, L. Ahuja and A. Halvorson. 2004. Modeling Nitrogen
Management Effects on Winter Wheat Production Using RZWQM and CERESWheat. Agronomy Journal 96: 615-630.

105

Saseendran, S., L. Ahuja, L. Ma, D. Nielsen, T. Trout, A. Andales, J. Chávez and J. Ham.
2014a. Enhancing the Water Stress Factors for Simulation of Corn in RZWQM2.
Agronomy Journal 106: 81-94.
Saseendran, S., L. Ma, R. Malone, P. Heilman, L.R. Ahuja, R.S. Kanwar, D.L. Karlen and
G. Hoogenboom. 2007. Simulating Management Effects on Crop Production, Tile
Drainage, and Water Quality Using RZWQM–DSSAT. Geoderma 140: 297-309.
Saseendran, S., L.R. Ahuja, L. Ma and T. Trout. 2014b. Modeling for Best Management
of the Effects of Irrigation Frequencies, Initial Water, and Nitrogen on Corn. In:
L.R. Ahuja, L. Ma, and R.J. Lascano, Editors, Practical Applications of
Agricultural System Models to Optimize the Use of Limited Water. Adv. Agric.
Systems Model. 5. p. 25-52.
Saseendran, S., T. Trout, L. Ahuja, L. Ma, G. McMaster, D. Nielsen, A. Andales, J. Chavez
and J. Ham. 2015. Quantifying Crop Water Stress Factors From Soil Water
Measurements in a Limited Irrigation Experiment. Agricultural Systems 137: 191205.
Schoen, R., J. Gaudet and T. Bariac. 1999. Preferential Flow and Solute Transport in a
Large Lysimeter, under Controlled Boundary Conditions. Journal of Hydrology
215: 70-81.
Schwen, A., G. Bodner, and W. Loiskandl. 2011. Time-Variable Soil Hydraulic Properties
in Near-Surface Soil Water Simulations for Different Tillage Methods. Agricultural
Water Management, 99(1), pp.42-50.

106

Sexton, B., J. Moncrief, C. Rosen, S. Gupta and H. Cheng. 1996. Optimizing Nitrogen and
Irrigation Inputs for Corn Based on Nitrate Leaching and Yield on a CoarseTextured Soil. Journal of Environmental Quality 25: 982-992.
Sezen, S.M., A. Yazar, Y. Daşgan, S. Yucel, A. Akyıldız, S. Tekin, and Y. Akhoundnejad.
2014. Evaluation of Crop Water Stress Index (CWSI) for Red Pepper with Drip and
Furrow Irrigation under Varying Irrigation Regimes. Agricultural Water
Management 143: 59-70.
Shaffer, M.J., L. Ma and S. Hansen. 2001. Modeling Carbon and Nitrogen Dynamics for
Soil Management. CRC Press.
Shuttleworth, W.J. and J. Wallace. 1985. Evaporation From Sparse Crops‐an Energy
Combination Theory. Quarterly Journal of the Royal Meteorological Society 111:
839-855.
Shuttleworth, W.J. and R.J. Gurney. 1990. The Theoretical Relationship between Foliage
Temperature and Canopy Resistance in Sparse Crops. Quarterly Journal of the
Royal Meteorological Society 116: 497-519.
Smith, R., H. Barrs and R. Fischer. 1988. Inferring Stomatal Resistance of Sparse Crops
from Infrared Measurements of Foliage Temperature. Agricultural and Forest
Meteorology 42: 183-198.
Snyder, C., T. Bruulsema, T. Jensen and P. Fixen. 2009. Review of Greenhouse Gas
Emissions from Crop Production Systems and Fertilizer Management Effects.
Agriculture, Ecosystems & Environment 133: 247-266.

107

Sophocleous, M., M.A. Townsend, F. Vocasek, L. Ma and A. KC. 2009. Soil Nitrogen
Balance under Wastewater Management: Field Measurements and Simulation
Results. Journal of Environmental Quality 38: 1286-1301.
Starks, P.J., G.C. Heathman, L.R. Ahuja, and L. Ma. 2003. Use of Limited Soil Property
Data and Modeling to Estimate Root Zone Soil Water Content. Journal of
Hydrology, 272(1-4), pp.131-147.
Steduto, P., T.C. Hsiao, D. Raes and E. Fereres. 2009. Aquacrop—the Fao Crop Model to
Simulate Yield Response to Water: I. Concepts and Underlying Principles.
Agronomy Journal 101: 426-437.
Stöckle, C.O., M. Donatelli and R. Nelson. 2003. Cropsyst, a Cropping Systems Simulation
Model. European Journal of Agronomy 18: 289-307.
Szeicz, G. and I. Long. 1969. Surface Resistance of Crop Canopies. Water Resources
Research 5: 622-633.
Teng, P.S., Penning de Vries, F.W.T. (Eds.), 1992. Systems Approaches for Agricultural
DevelopmentApplied Science. Elsevier (ISBN: 1851668918. 309 pp.).
Teuling, A.J., R. Uijlenhoet, F. Hupet, and P.A. Troch. 2006. Impact of Plant Water Uptake
Strategy

on

Soil

Moisture

and

Evapotranspiration

Dynamics

During

Drydown. Geophysical Research Letters, 33(3).
Therond, O., H. Hengsdijk, E. Casellas, D. Wallach, M. Adam, H. Belhouchette, R.
Oomen, G. Russell, F. Ewert, J.E. Bergez, and S. Janssen. 2011. Using a Cropping
System Model at Regional Scale: Low-Data Approaches for Crop Management
Information

and

Model

Calibration. Agriculture,

Environment, 1421-2: 85-94.

108

Ecosystems

&

Van der Velde, M., F. Bouraoui and A. Aloe. 2009. Pan‐European Regional‐Scale
Modelling of Water and N Efficiencies of Rapeseed Cultivation for Biodiesel
Production. Global Change Biology 15: 24-37.
Van Ittersum, M.K., P.A. Leffelaar, H. Van Keulen, M.J. Kropff, L. Bastiaans and J.
Goudriaan. 2003. On Approaches and Applications of the Wageningen Crop
Models. European Journal of Agronomy 18: 201-234.
Wallach, D., D. Makowski, J.W. Jones and F. Brun. 2013. Working with Dynamic Crop
Models: Methods, Tools and Examples for Agriculture and EnvironmentAcademic
Press.
Wallach, D., S. Buis, P. Lecharpentier, J. Bourges, P. Clastre, M. Launay, J. Bergez, M.
Guerif, J. Soudais, E. and Justes. 2011. A Package of Parameter Estimation
Methods and Implementation for the STICS Crop-Soil Model. Environmental
Modelling & Software, 26(4), pp.386-394.
Wang, Y., M.A. Shao, and Z. Liu. 2012. Pedotransfer Functions for Predicting Soil
Hydraulic Properties of the Chinese Loess Plateau. Soil Science, 177(7), pp.424432.
Wang, Z., Z. Qi, L. Xue, M. Bukovsky and M.J. Helmers. 2015. Modeling the Impacts of
Climate Change on Nitrogen Losses and Crop Yield in a Subsurface Drained Field.
Climatic Change 129: 323-335.
Wassenaar, T., P. Lagacherie, J.-P. Legros and M. Rounsevell. 1999. Modelling Wheat
Yield Responses to Soil and Climate Variability at the Regional Scale. Climate
Research 11: 209-220.

109

Wendroth, O. and J. Simunek. 1999. Soil Hydraulic Properties Determined from
Evaporation and Tension Infiltration Experiments and their Use for Modeling Field
Moisture Status. In: van Genuchten, M.T., Leij, F.J., Wu, L. (Eds.),
Characterization and Measurement of the Hydraulic Properties of Unsaturated
Porous Media. University of California, Riverside, CA, pp. 737–748.
Wendroth, O., N. Wypler. 2008. Unsaturated Hydraulic Properties: Laboratory
Evaporation. In: Carter, M.R., Gregorich, E.G. (Eds.), Soil Sampling and Methods
of Analysis. 2nd ed. Canadian Society of Soil Science; CRC Press, Boca Raton,
(Chapter 81), pp. 1089–1127.
Wendroth, O., W. Ehlers, H. Kage, J. W. Hopmans, J. Halbertsma, and J. H. M. Wösten.
1993. Reevaluation of the Evaporation Method for Determining Hydraulic
Functions in Unsaturated Soils. Soil Science Society of America Journal, 57(6),
1436-1443.
Whisler, F.D., B. Acock, D.N. Baker, R.E. Fye, H.F. Hodges, J.R. Lambert, H.E. Lemmon,
J.M. McKinion, and V.R. Reddy. 1986. Crop Simulation Models in Agronomic
Systems. Adv. Agron. 40:141–208.
White, J., L. Hunt, K. Boote, J. Jones, J. Koo, S. Kim, C. Porter, P. Wilkens, and G.
Hoogenboom. 2013. Integrated Description of Agricultural Field Experiments and
Production: The ICASA Version 2.0 Data Standards. Computers and Electronics in
Agriculture, 96, pp.1-12.
Wieser, G., A. Hammerle and G. Wohlfahrt. 2008. The Water Balance of Grassland
Ecosystems in The Austrian Alps. Arctic, Antarctic, and Alpine Research 40: 439445.

110

Wind, G. P. 1968. Capillary Conductivity Data Estimated by a Simple Method. p. 181–
191. In P.E. Rijtema and H. Wassink (ed.) Water in The Unsaturated Zone. Proc.
Wageningen Symp. June 1966. Vol. 1. IASAH, Gentbrugge, Belgium.
Yang, Y., O. Wendroth, and R. J. Walton. 2013. Field-Scale Bromide Leaching as Affected
by Land Use and Rain Characteristics. Soil Science Society of America
Journal, 77(4), 1157-1167.
Yu, Q., S.A. Saseendran, L. Ma, G.N. Flerchinger, T.R. Greenand, L.R. Ahuja. 2006.
Modeling a Wheat–Maize Double Cropping System in China Using Two Plant
Growth Modules in RZWQM. Agricultural Systems, 89(2-3), pp.457-477.
Zeleke, K.T. and L.J. Wade. 2012. Evapotranspiration Estimation Using Soil Water
Balance, Weather and Crop Data. In: Evapotranspiration-Remote Sensing and
Modeling. InTech.
Zhang, B., S. Kang, F. Li and L. Zhang. 2008. Comparison of Three Evapotranspiration
Models to Bowen Ratio-Energy Balance Method for a Vineyard in an Arid Desert
Region of Northwest China. Agricultural and Forest Meteorology 148: 1629-1640.
Zhou, M., B. Zhu, N. Brüggemann, J. Bergmann, Y. Wang, and K. Butterbach-Bahl. 2014.
N2O and CH4 Emissions, and NO3− Leaching on a Crop-Yield Basis from a
Subtropical Rain-Fed Wheat–Maize Rotation in Response to Different Types of
Nitrogen Fertilizer. Ecosystems, 17(2), pp.286-301.

111

Vita
PLACE OF BIRTH: Baghdad-Iraq

EDUCATION:
M.Sc. in Soil Physics, Soil and Water Department, College of Agriculture, University of
Baghdad, Baghdad, IRAQ, January, 2010.
BS.C in Soil and Water Sciences, Soil and Water Department, College of Agriculture,
University of Baghdad, Baghdad, IRAQ, May, 2007.

RESEARCH EXPERIENCE:
January 2015-Present: Research Assistant, Department of Plant and Soil Sciences,
University of Kentucky, Lexington, KY.
May 2010-Decmber 2013 Research Assistant, Iraqi Ministry of Agriculture, Baghdad-Iraq.

AWARDS DURING Ph.D. PROGRAM:
1- 1st place of the poster competition in the section of Climatology and Modeling at
ASA and CSSA International Annual Meeting, Baltimore, MD, USA. November
4-7, 2018.
2- 3rd place of the poster competition in the section of Climatology and Modeling at
ASA, CSSA and SSSA International Annual Meeting, Tampa, FL, USA. October
22-25, 2017.

112

PUBLICATIONS:
Al-Taii, A., S. Ibrahim, H. Hadwan, S. Shahadha, M. Ali, and M. Abdul-Hameed. 2015.
Tomato Response to Compost Amendments and Liquid Organic Fertilizer Applied
Through Foliar and Drip Fertigation. Iraqi Journal of Agricultural Research. 20: 192205.
Shahadha, S. S. and A. H. AL-Sheikhly. 2011. Effect of Water Irrigation Quality and
Mulching on Some Soil Physical Properties under Drip Irrigation System. Iraqi
Journal of Agricultural Sciences. 42: 33-41.
Shahadha, S. S. and A. H. AL-Sheikhly. 2010. Effect of Water Irrigation Quality and
Mulching on the Moisture and Salt Distribution and Cauliflower Yield Brassica
oleracea under Drip Irrigation System. Al-Anbar Journal of Agricultural Sciences. 2:
39-55.

CONFERENCES AND PRESENTATIONS DURING Ph.D. PROGRAM:
Shahadha, S. S., O. Wendroth. Modeling Nitrogen Management Impacts on Soil Water
Dynamics and Wheat Evapotranspiration. ASA, CSSA, and CSA International
Annual Meeting. Baltimore, MD, USA. November 4-7, 2018.
Shahadha, S. S. Simulating Crop Evapotranspiration and Wheat Growth under Different
Nitrogen Regimes. IPSS Graduate Student Research Symposium. Lexington, KY,
USA. March 23, 2018.
Shahadha, S. S. Can Agricultural System Models Improve Soil and Crop Management?
IPSS Graduate 3 Minute Thesis (3MT) Competition. Lexington, KY, USA. February
16, 2018.

113

Shahadha, S. S., O. Wendroth. Crop Evapotranspiration and Crop Coefficients - Sources
of Uncertainty. ASA, CSSA, and SSSA International Annual Meeting, Tampa, FL,
USA. October 22-25, 2017.
Shahadha, S. S. Crop Evapotranspiration and Crop Coefficient – Sources of Uncertainty.
IPSS Graduate Student Research Symposium. Lexington, KY, USA. December 09,
2016.
Shahadha, S. S. Crop Evapotranspiration – Sources of Uncertainty and Spatial Scale of
Representativity. IPSS Graduate Student Research Symposium. Lexington, KY,
USA. April 29, 2016.

114

